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Abstract

We study how shortening physicians’ work schedules affects healthcare provision and patient

mortality. We exploit a 1982 reform in Denmark that strongly restricted hospital doctors’ over-

time, weekend, and nighttime shifts. Consistent with substitution from hours to workers, labor

demand for physicians increased by 35% one year after implementation. Using a dose-response

difference-in-differences strategy, we leverage variation in the intensity of the policy across hos-

pital wards with different pre-reform reliance on overtime to document three main results. First,

wards where labor demand changed the most substantially decreased in-hospital mortality rates,

especially among emergency admissions. Second, while more physicians led to more planned ad-

missions, better mortality outcomes are not fully explained by shifts in patient composition. Third,

persistent post-discharge mortality declines and no change in readmissions or duration of stays

suggest that gains were not at the expense of higher patient turnover. Our findings are consistent

with overtime regulations correcting inefficiently long work hours in a frictional labor market.
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1. Introduction

How firms allocate total labor hours across workers is a fundamental organizational decision. The

choice between getting the marginal hour from an additional hire or from an incumbent worker lies at

the core of the firm’s labor demand problem (Hunt, 1999; Nadiri and Rosen, 1969; Oi, 1962). Depending

on the marginal productivity of labor, fixed employment costs, and worker heterogeneity, it may be

optimal to hire fewer workers on longer shifts rather than more workers on shorter ones. Yet, inef-

ficiently long work hours may arise when firms’ and workers’ decisions are distorted—among other

reasons—by search frictions (Germain, 2025), adverse selection (Landers et al., 1996; Akerlof, 1976), or

incomplete internalization of fatigue-related productivity losses (Pencavel, 2015).

Hospitals provide an insightful setting for studying the allocation of hours across workers. Hospi-

tal physicians often work well beyond the general labor standards agreed for other economic sectors

(Temple, 2014). Uncertain patient inflows, human capital specificity, and high coordination costs often

justify physicians working long shifts. At the same time, relevant frictions may lead to socially inef-

ficient outcomes. Hospitals’ monopsony power—especially over residents or junior doctors bound by

training requirements to become specialists—may induce physicians to accept supplying more hours

than they would want. As effort and fatigue are often hard to monitor, hospitals may also underes-

timate the drop in marginal productivity in the end of long shifts (Chan, 2018). In light of concerns

with work-life balance and patient welfare, collective bargaining agreements across several countries

have been setting increasingly stricter standards on physicians’ overtime, weekend, and nighttime

hours (Maoz Breuer et al., 2023).
1

Yet, despite the prevalence of such regulations, there is limited if

any causal evidence on the net effect of these types of policies on healthcare provision and patient

outcomes.

In this paper, we address this gap by studying the labor market and healthcare effects of constrain-

ing physicians’ work hours. We exploit a 1982 reform in Denmark that strongly restricted early-career

hospital doctors’ schedules, providing a natural experiment to examine the consequences of regulating

work intensity in a high-skill, shift-based sector. The new collective bargaining agreement established

three key provisions to the work of subordinate physicians hired by public hospitals: (i) a 40-hour

workweek; (ii) at least half of those hours scheduled as daytime duty on weekdays; and (iii) restric-

tions on overtime, only to be used when hospitals could not meet staffing needs through new hires.

These provisions effectively removed overtime as an adjustment margin and forced hospitals to sub-

stitute from hours-per-worker toward more workers. Consistent with this, we document a 35% surge

in posted positions after the reform, with the number of employed subordinate physicians in Danish

1
Subordinate doctors’ workweeks are limited to 40–50 hours across most European countries, 60 hours in Canada, and

80 hours in the United States (Maoz Breuer et al., 2023).
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public hospitals increasing by 25% between 1981 and 1982 (Figure 1).

Figure 1. Posted Positions for Subordinate Physicians in Denmark (1972-1991)

Notes. The figure presents the total number of posted and filled positions for subordinate physicians in public hospitals in Denmark, between

1972 and 1991. Subordinate physicians include both junior and senior medical residents, who were training for specialty recognition or have

recently become specialists. The data comes from digitized statistical yearbooks produced by the Danish Health Authority. Appendix Figure

G.6 presents analogous plots for the total number of physicians, and separately by physician’s career stage.

The effect of this labor demand shock on patient outcomes is theoretically ambiguous. In a fric-

tionless environment with optimal pre-reform labor allocation, overtime restrictions cannot possibly

increase output. If a better labor allocation would have been possible without this constraint, hospitals

would have already achieved it. However, several frictions may generate inefficiencies in the status

quo, and lead to excessively high hours-per-worker. In these cases, restricting overtime could increase

effective labor input and improve patient outcomes. Conversely, employment expansion could bring

worse physicians, weaken continuity of care, or increase coordination costs across shifts, harming

hospital performance. Which of these mechanisms dominates is ultimately an empirical question.

We build a novel dataset with all vacancies for physicians in public hospital wards in Denmark

by digitizing a collection of statistical yearbooks published by the Danish Health Authority. This in-

formation allows us to document the first stage impact of overtime restrictions in the physician labor

market, and characterize the extensive margin of labor demand across all hospital wards in the country.

To measure the downstream effects on patient health, we access restricted-use administrative records

on the universe of hospitalizations around the time of the reform. We complement this information

with the death registries of the Danish population to measure mortality rates post-discharge. As our

main unit of analysis, we focus on the hospital ward, as a hospital-specialty pair.

To evaluate the effects of the reform, we use a dose–response difference-in-differences design ex-

ploiting heterogeneity in pre-reform reliance on overtime across hospital wards. Although all wards

were simultaneously affected by the reform, their intensity of exposure to the new regulations var-

ied. Since the reform removed overtime as an adjustment margin, wards that relied more heavily on
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overtime substituted relatively more hours for more workers to keep up with demand. While overtime

itself is not consistently measured across workers in our setting, we exploit detailed information on

predictors of labor demand change across reform periods. In particular, we use the share of unplanned

(or acute) admissions—typically emergency cases whose treatment cannot be deferred—as a proxy for

pre-reform overtime need. We exploit the fact that wards with higher concentrations of these acute

cases were more likely to rely on resident physicians being on call for longer periods and to schedule

more weekend and nighttime shifts before the reform. Using this pre-reform share of unplanned ad-

missions as a continuous dose of treatment intensity, we compare outcomes across wards with different

exposure levels over time in an event-study framework.

To validate the relevance of our exposure measure we show that wards in specialties with higher

concentrations of unplanned admissions hire relatively more physicians post-reform. One standard

deviation increase in the pre-reform share of unplanned admissions (23 p.p.) leads to an 18 percent rise

in posted positions and 14 percent more subordinate-physician hires within three years. No differential

pre-trends lend credibility to the interpretation that labor demand differences across specialties would

have evolved similarly in the absence of this policy.

We find that the reform reduced in-hospital death rates. A one standard deviation increase in the

pre-reform share of unplanned admissions (26 percentage points) reduces in-hospital deaths by 2.45

per thousand admissions (95% C.I.: -3.67; -1.24). Relative to a pre-reform mean of 34 deaths per thou-

sand admitted patients, this corresponds to a 7 percent decline in yearly ward-level mortality for each

standard deviation in pre-reform overtime intensity. Relying on an event-study type of specification

and a strong version of parallel trends (Callaway et al., 2024), we show evidence that the divergence in

mortality rate outcomes is likely attributable to the overtime restrictions reform. We show the effect

is partially driven by a change in hospital admissions. Wards relatively more exposed to the reform

admit more patients, with more of these being planned admissions. Our findings suggest that the

reform allowed hospitals to lift healthcare supply constraints, enabling these wards to anticipate the

treatment of these patients. Nevertheless, focusing only on the outcomes of unplanned admissions, a

one standard deviation increase in overtime needs leads to 5.5 fewer deaths per thousand unplanned

admissions (95% C.I.: -8.01,-3.05), or a 9.5% decrease relative to the pre-reform mean. Improvements in

mortality rates are not confined to hospital stays, with effects persisting until at least one year after

hospital discharge.

To address whether reductions in mortality were achieved through shifts in patient compositions

we construct risk-adjusted measures of mortality. For each hospital ward we take the ratio between

actual and expected death rates given the age distribution and case-mix of the ward’s admitted pa-

tients. Results using these risk-adjusted measures yield qualitatively similar interpretations, showing
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that despite the relative increase in planned admissions, death rates declined beyond what would be

expected.

To study whether the reform increased healthcare supply through higher patient turnover at the

expense of quality of care, we examine its effects on post-discharge readmission rates and average

length of stay. We find no detectable evidence consistent with shorter hospital stays or increased

patient readmissions, even if in other hospital wards.

The interpretation of our results is robust to a series of changes in our study design. First, we assess

the sensitivity to our overtime need proxy, by replicating the analysis with alternative proxies, such as

the share of nighttime and weekend admissions. Second, results are not driven by differential attrition

of hospital wards that close down or consolidate after the reform. Third, our specifications are robust

to controlling for county-specific trends in the outcomes.

Related Literature.— Our paper relates to four main strands of work.

First, it contributes to the empirical literature on the effects of weekly working hours caps on labor

market outcomes. Most existing research has focused on testing the impact on overall employment

dynamics, with mixed evidence. While some studies of standard working hours reductions find positive

effects on employment (Germain, 2025; Gunnesmo and Hansen, 2025; Fishback et al., 2024), others

find negative effects through increased hourly labor costs (Asai et al., 2024; Hunt, 1999) and worker

separations (Crépon and Kramarz, 2002), or no employment effects at all (Batut et al., 2023; Kawaguchi

et al., 2017; Sánchez, 2013; Chemin and Wasmer, 2009; Skuterud, 2007). Our paper diverges from this

literature in two important ways. Beyond a change in standard hours, the type of reform we study

introduces considerable restrictions on the use of overtime and scheduling of working hours. Moreover,

our paper not only examines the overall impacts on employment but also focuses on the effects on

output in a sector where quality of provision is crucial to public policy.

Second, it specifically contributes to the emerging literature on time limitations to physicians’

workweeks. Extant economic research on this topic has primarily focused on the upstream effects of

these caps on the differential labor supply incentives across gender. Shorter workweeks encourage

women to make less gender-stereotypical career choices, leading them to select medical specialties

with greater reductions in working hours (Lorentzen, 2024; Wasserman, 2023b). Long working hours

have also been found to affect fertility timing and incentivize women with stronger preferences for

children to sort into less time intensive specialties (Wasserman, 2023a). Similar to Wasserman (2023b),

we exploit variation in reform intensity to identify our parameters of interest. However, beyond vari-

ation across specialties, we exploit variation at the hospital ward level. In addition, unlike previous

research in this vein, we examine the downstream effects of workweek caps on the quality of health-
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care provision, beyond the direct effects on the labor market.

Third, it contributes to understanding the productivity of healthcare professionals, and medical

doctors in particular. Empirical evidence indicates that after long hours of emergency room work,

physicians nearing the end of their shifts accept fewer patients, distort patient care, and use hospi-

tal resources less efficiently (Chan, 2018). Conversely, shorter hours might reduce the likelihood of

repeated collaboration among practitioners, with potentially detrimental impacts on service quality.

Indeed, evidence shows that past collaboration among team members creates team-specific human

capital, improving patient outcomes (Chen, 2021). In our setting, fewer working hours also induced an

inflow of new physicians, potentially filling additional vacancies with marginally less productive work-

ers. Previous evidence highlights significant differences in physicians’ value-added (Ginja et al., 2025),

productivity (Chan and Chen, 2023; Doyle et al., 2010), and diagnostic skills (Chan et al., 2022; Currie

and MacLeod, 2020; Currie and Macleod, 2017). Our paper most closely relates to recent empirical

evidence on the effects of healthcare labor scarcity on mortality. Dodini et al. (2025) exploit variation

in physician emigration from Sweden to Norway and find substantial mortality increases in Sweden,

operating through higher hospitalization rates and premature discharges. Similarly, Schlenker (2025)

finds increases in mortality from a negative labor supply shock of nurses in Germany. In contrast

with these settings, we exploit a positive shock to labor demand for workers working fewer hours.

To our knowledge, this is the first study to investigate the overall national-level effect of a reform on

physicians’ working hours on patient health outcomes.
2

Finally, it speaks to the empirical literature on the efficacy of policy in improving public hospital

performance. Greater competition in provision (Gaynor et al., 2013) and the professionalization of

hospital management (Muñoz and Otero, 2025) have been shown to reduce hospital death rates. On the

other hand, lack of competitive wages in the labor market for nurses leads to worse patient outcomes

(Propper and Van Reenen, 2010). We provide novel evidence on how overtime restrictions in a frictional

healthcare labor market can lead to better hospital performance and lower mortality.

The paper is organized as follows. In Section 2 we present the relevant institutional background,

describe the reform we exploit, and outline expected effects of the reform. In Section 3 we describe

the data sources, sample restrictions, and construction of the main outcomes used in the analysis. In

Section 4 we detail our empirical strategy and main identification challenges. We report our main

results in Sections 5 and 6, including robustness checks. In Section 7 we conclude and discuss further

research.

2
A meta-review of the medical literature identifies some empirical analyses of working hour limits on patient outcomes,

with mixed evidence. Most reviewed papers are case studies on one or few hospital wards, and rely on self-reported

data and pre-post analyses (Bolster and Rourke, 2015). We contribute to this type of literature by providing an empirical

analysis across all hospital wards within a country.
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2. The Physician Worktime Restrictions Reform in Denmark

In this section, we present the main features of the 1982 labor market reform that we exploit in the

empirical analysis. We start by documenting the relevant institutional background. We then present

the main features of the new collective bargaining agreement which set overtime restrictions with the

goal of inducing a substitution from hours-per-worker to workers. Finally, we discuss the expected

effects of the reform on the labor market and patient health. Appendix A provides further details on

the setting and changes introduced by the reform. Appendix B formalizes our main theoretical claims.

2.1. Institutional Background

Hospital Care in Denmark.— The Danish healthcare sector is mostly publicly funded, with hospital

care being free of charge to all residents. The system is organized into primary and secondary care.

Hospitals fall under secondary care, including the provision of urgent healthcare services.
3

Hospitals

are then divided into hospital wards, according to specific medical specialties. In our period of analy-

sis, the public hospital sector was characterized by county-level governance, with central government

oversight. Patients in need of hospital care in Denmark were typically referred by their general practi-

tioner to the public hospital within their area of residence. In acute or emergency situations, patients

were taken to the nearest appropriate emergency department, regardless of residence.

Physicians’ Career.— The career of hospital physicians was structured in three stages. Physicians

started their careers as junior residents (reservelæge), hired on 1-year renewable contracts. At a second

stage, physicians became senior residents (1. reservelæge), and were hired under five-year renewable

contracts. Training in a particular medical specialty occurred during junior and senior residency, with

the minimum duration being between 4.5 and seven years, but with an average duration of twelve years

in our period of analysis. After specialty recognition, hospital doctors could move to become chief

physicians, with responsibilities over hospital ward management, clinical training, and supervision of

residents.

Job Matching and Wages.— The job market for physicians in Denmark combined regulated pay with

a decentralized allocation of workers to available posts. Collective bargaining agreements (CBAs) es-

tablished the terms of employment for public hospital physicians. For subordinate physicians—junior

and senior residents—CBAs were negotiated between the Danish Association of Junior Hospital Doc-

tors (FAYL) and public employers, represented by the Association of County Councils, two hospital

municipalities (Copenhagen and Frederiksberg), and the Ministry of Finance. Collective bargaining

took place every two years, where the parties determined whether to renew, amend, or—as in the

3
Primary care services, which include municipal health centers and general practitioners, can refer patients to hospital

care.
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rare instance of the reform we exploit—replace the existing agreement. Physicians were directly hired

by hospitals according to publicly posted positions. In our main period of analysis, vacancy posting

was centralized, but published by hospital ward, and dependent on their predicted healthcare demand.

Subordinate physicians applied to their desired vacancy and were selected by hospitals on the basis of

their application package. Importantly, this job matching mechanism was replaced by a lottery alloca-

tion for junior residents starting in 1984 (Fadlon et al., 2024).
4

Despite decentralized competition for

vacancies, physician hourly compensation, overtime premia, and working conditions were established

according to the CBA. In our period of analysis, wage schedules included 15 tenure levels within each

career stage, with specific provisions on overtime limits and pay for each level.

Work Schedules.— Before the reform, physicians’ working hours consisted of daytime duty (typi-

cally 8:00AM – 2:20PM) and shift work (outside the daytime interval or on weekends and holidays).

Shifts were divided into three availability conditions: on-call on-site, on-call from home and on-call

off-site. While daytime duty was characterized by collaborative work across seniority levels, with ac-

tive supervision and training of junior and senior residents, on-call duty was characterized by multiple

tiers of engagement. Junior residents carried most of the clinical workload outside of the daytime in-

terval and staffed the front-line of hospital care, backed up by senior residents and chief physicians

available on-call from the hospital or from home (Christy, 1984).
5

Appendix A provides further details

on the pre-reform regime.

2.2. The 1982 Reform

Starting in the 1960s, the expansion of higher education and no constraints to student intake led

college enrollment in Denmark to grow exponentially (Hansen, 2018, 2015). By the 1970s, medical

school graduates had more than doubled in just a few years (Lorentzen, 2024). With no commensurate

increase in vacancies, an excess supply of early career physicians led to a slacking of the labor market.

In 1981, hundreds of medical school graduates were unemployed or sub-employed in Denmark, while

more than 800—equivalent to about 18% of available resident positions—had migrated to Sweden to

work (Møller and Nexø, 2004). According to aggregate data on working hours, employed residents

were working an average of 45.6 hours per week on regular and active on-call duties (Christy, 1983;

Møller and Nexø, 2004).

With the goal of increasing job sharing and normalizing physicians’ workweek, the Danish Asso-

ciation of Junior Hospital Doctors and the public employers entered into negotiations to sign a new

4
We report our difference-in-differences estimates up until 1984 to avoid the effect of this confounding policy in the

labor market.

5
This multiple tier organization of physicians’ schedules across different stages was believed to ensure post-graduate

training, while being cost-effective (Christy, 1984).
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collective bargaining agreement. The new agreement was adopted on May 1981, against the will of

98% of the Danish Association of Junior Hospital Doctor’s voting members. Following a strike and

additional negotiations, the parties finally reached an interpretation agreement in December, 1981

(Lorentzen, 2024).

Figure 2. Timeline of the Reform

1978 1979 1980 1981 1982 1983 1984 1985 1986

New CBA

End of Position Spiral

Pre-treatment Post-treatment

Transition Oct–Dec 1981

Notes. The figure presents a stylized depiction of the timeline of the overtime restrictions reform in Denmark, between 1978 and 1986.

The new CBA and the interpretation agreement included three key provisions: (i) enforcement of

a 40-hour workweek; (ii) at least half of those hours scheduled as daytime duty on weekdays; and (iii)

restrictions on overtime, only to be used when hospitals could not fill new positions. All regulations

applied to both junior and senior residents, excluding chief physicians.
6

Although the new system had

to be fully implemented in 1982, the original agreement established that each hospital ward should start

planning the transition already by 1981, with a transition period in the last three months of the year.

Figure 2 depicts a stylized timeline of the reform. Given the timing of the interpretation agreement and

full implementation, we consider 1981 as the last pre-reform period, and 1982 as the first post-reform

period.

Standard Workweek Hours.— The new CBA aimed at enforcing a 40-hour workweek, as subordinate

physicians were not to work above this weekly standard, averaged over three months. Under the new

rules, any overtime work in a given week had to be compensated by off-time in the following weeks,

rather than overtime pay.
7

Scheduling Restrictions.— The reform enforced new scheduling restrictions. To alleviate concerns

with adequate post-graduate training, it guaranteed subordinate physicians a minimum of 20 hours on

weekdays during daytime (Monday-Friday, 8AM-4PM), and consequently a 20-hour cap on nighttime

duty. Moreover, mandatory rest periods were increased from a minimum of five to up to eleven hours

for each 24 hours.
8

6
The previous collective bargaining agreement had been signed in November 1977, and applied retroactively since April

1977.

7
Overtime could only be compensated with pay when compensatory leave was impossible to grant.

8
The new rest periods were implemented as part of new work environment agreement (arbejdsmiljøaftale) with the aim

of ensuring compliance with a 1980 ministerial order on rest and weekly time off (Bekendtgørelse nr. 372 af 15. august
1980 om hviletid og fridøgn). The work environment agreement for subordinate physicians implemented rules on rest

periods and weekly time off that were more lenient than general national rules—11 hours of rest per 24 hours and 1

weekly 24 hour rest period—but significantly more stringent than the pre-reform rules. Contrary to the other provisions
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Overtime Restrictions.— Beyond the new compensatory leave rules, overtime was to be capped at

five weekly hours per physician, or 20 weekly hours per duty team, averaged over a three-month

period. The new regulations induced a so-called “position spiral” (Normeringsspiral), as new positions

had now to be opened to fill these hours. Overtime restrictions were only active until a new CBA

signed in June 1984, where they were dropped (Figure 2).
9

To compensate for the fall in total pay

through fewer hours, residents employed before the new CBA were bumped up two tenure levels in

the wage table.
10

Moreover, work during particular weekend and night hours was to be compensated

at a higher inconvenience pay rate (ulempegodtgørelse).

2.3. The Expected Effects of the Reform

In Appendix B we develop a simple framework where we formalize the expected effects of overtime

restrictions on the labor market. Here, we highlight the economic intuition that guides our empirical

analysis, and draw our main testable hypotheses.

Environment.— We take hospital wards as our unit of analysis. Each ward differs by medical spe-

cialty, production technology, and local demand for healthcare. As public sector providers, we assume

that wards maximize healthcare output—or minimize patient mortality—subject to a budget constraint.

Each hospital ward chooses two types of labor inputs: (i) total number of workers (N ); and (ii) hours-

per-worker (h). Output has marginally decreasing returns relative to each input. As in our empirical

setting, each hospital ward pays an hourly wage rate (w) according to a convex schedule. Physicians are

paid the same wage rate until a standard hours threshold (h̄); any hour worked above h̄ is considered

overtime and paid at a higher rate, (1 + p)w, with p > 0 as the overtime premium.

Overtime Allocations.— Hospital wards can vary in their use of overtime for mainly two reasons.

First, hospital wards with different specialties and local healthcare demand vary in their reliance on

overtime and shift work. According to the production technology of each ward, there is heterogeneity

in the degree of substitutability between h and N—the extent to which one extra hour from an incum-

bent worker can be substituted by one hour supplied by an additional hire. For instance, if a surgeon’s

shift ends mid-surgery, it may still be more productive to finish the case in overtime than swapping

them for another equally productive surgeon. In other specialties, where work can be divided into

smaller blocks with no negative consequences for productivity, wards can optimally hire more work-

ers on shorter shifts. Likewise, when the arrival rate of patients is unpredictable and shifting patients’

in the CBA, the statutory rest hours were locally negotiated with hospitals, varied between 8 and 11 hours, but always

higher than the pre-reform standard.

9
The 1984 CBA still required that a proposal to hire additional physicians had to be put forward if overtime could be

converted into positions.

10
The special affordance made to the already employed (paraplytillæg) meant that, for a resident at the lowest tenure

level, the change led to an increase of around 11% in base pay.
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treatment constrained, the need for overtime increases as shifts require longer periods of availability.

Second, if there is limited information on physicians’ productivity, by underestimating the marginal

productivity drop from additional hours, wards may use overtime hours at non-optimal levels.

Hours-to-Workers Substitution.— With the introduction of overtime restrictions, hospital wards be-

come severely restricted in making overtime allocations. Given the prevalence of overtime use prior to

the reform (Christy, 1983), the new collective bargaining agreement must induce a substitution from

hours (h) to workers (N ), summarized in the following hypothesis:

Hypothesis 1. Labor demand for physicians (N) shifts upwards after the reform.

Figure 1 provides evidence in favor of Hypothesis 1, providing the motivation for our empirical

analysis. Posted positions surge right after overtime restrictions are implemented. Crucially, this shock

on the extensive margin of labor demand was based on a substitution from h to N , in line with the

provisions in the new collective bargaining agreement. Figure 3 shows the change in the total number

of available positions (N ) for junior and senior resident physicians and the total number of active duty

physician-hours demanded (N × h) before 1982. Information for 1982 reflects the total hours forecast

for that year based on the rules imposed by the new CBA (Christy, 1983).
11

While total labor-hours

(N × h) were projected to increase by 19%, the number of physicians was expected to increase by

36%, or almost double that proportion. The wedge between total hours and total workers implied a

fall of about 12.5% in hours-per-physician (h), as triggered by the requirement to achieve a 40-hours

workweek through elimination of overtime in 1982.

The second theoretical hypothesis is key to our empirical strategy, and provides a testable first

stage to our empirical analysis:

Hypothesis 2. The change in labor demand for physicians is increasing on pre-reform overtime need.

As discussed above, heterogeneity across hospital wards generates variation in overtime use. Wards

with a relatively higher use of overtime pre-reform are relatively more affected by the new regulations.

The reform induces a relatively stronger h for N substitution, with high-overtime wards having to hire

relatively more workers as a consequence. In Section 4 we describe how we use this heterogeneity

in overtime need to identify our reduced form effects. In Section 5, we show that higher pre-policy

overtime need is empirically associated with larger percent changes in labor demand across reform

periods.

Healthcare Quality and Supply.— How should this labor demand shock affect healthcare provision?

Before the new CBA hospital wards were free to optimally adjust hours-per-worker (h). With the new

11
The forecast is based on a survey-based official document produced by the Danish Association of Junior Hospital Doctors

(F.a.y.l.’s medlems-og overenskomstenqueter 1972-1982).
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Figure 3. Hours-to-Workers Substitution

Notes. The figure documents the trends in total hours, total number of physicians, and implied hours-by-physician demanded. Data points

for 1982 are projections produced by the Danish Association of Junior Hospital Doctors according to data in a resource utilization survey

(F.a.y.l.’s medlems-og overenskomstenqueter 1972-1982) (Christy, 1983). All values are normalized to be 100 in 1981, such that differences across

years can be interpreted as percent changes relative to 1981.

constraints on h, optimal overtime allocations become infeasible. In a framework with no frictions in

the labor market and perfect information on worker productivity, if a more productive labor allocation

could have been possible before overtime restrictions, wards could have already achieved it. Under

these conditions, health output could not possibly increase. Hiring additional physicians can translate

into higher costs in terms of internal organization and quality of continued patient treatment. Con-

ditional on the production function of each ward, shorter shifts may mean more hand-offs of cases

across physicians. From an on-the-job training perspective, it may also be optimal for hospitals to

expose physicians to long hours early in their careers as an investment on medical skills. With het-

erogeneous productivity, hospital wards may also optimally choose to assign longer hours to fewer

physicians over potentially less productive new hires.

However, relevant frictions in the physician labor market in Denmark can lead to positive effects of

overtime restrictions on health outcomes. Regulated wage schedules may not reflect the competitive

equilibrium between labor supply and demand. The reform was driven by concerns about unemploy-

ment of recent medical graduates and work-life balance of early-career physicians. It could be that

overtime premia were too low relative to what would be optimal if the price of overtime could freely

adjust. In that case, pre-reform employment would be too low for optimal healthcare provision. More-

over, hospital wards may misperceive physicians’ productivity. In workplaces with multiple overlap-

ping tasks, unpredictable case arrival, and team work—typical of hospital care—individual productivity

is hard to monitor. Empirical evidence shows that quality of medical decision making is highly sen-

sitive to scheduling and declines near the end of shifts (Chan, 2018). With imperfect information on
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effort, hospital wards may underestimate the marginal productivity drop of an extra hour, underplaying

the effect of fatigue on quality of care. If fatigue costs were underestimated, this induced reallocation

can raise output, depending on how far hospital wards’ beliefs are from the true production function.

Finally, even with heterogeneous productivity across physicians the effect on output can still be pos-

itive if productivity differences align with amenity preferences. For instance, recent evidence shows

that female physicians sort into different specialties as a result of shorter workweeks (Lorentzen, 2024;

Wasserman, 2023b). If the marginal entrants are of comparable or even higher productivity, the com-

position shift may increase output.

Given these different potential causal channels, the overtime restrictions introduced in the physi-

cian labor market in 1982 have theoretically ambiguous effects on health outcomes. In the following

sections, we empirically estimate the net effect of the policy on patient health.

3. Data

In this section, we describe our main data sources and present relevant summary statistics related

to the physician labor market and healthcare quality in Denmark around the reform. Appendix C

presents the construction of our main datasets and outcomes in more detail.

3.1. Data Sources

Physician Labor Market.— We characterize physician labor demand and the extent to which it is

met using digitized statistical yearbooks from the Danish Health Authority. We leverage an existing

data set that builds on these sources by Lorentzen (2024) and supplement it with more granular-level

data obtained from the same statistical yearbooks
12

. The resulting dataset contains information on the

number of posted positions (demand) and filled positions (met demand) at Danish hospitals. From this

data, we construct datasets at different levels including the ward-by-year level and specialty-by-year

level.
13

Our main analyses on the first-stage impact on the physician labor market are on the specialty-

by-year level, as this is the level at which we are able to join the physician labor market data with data

on hospital admissions. This sample consists of 21 different medical specialties. See Appendix C for

further details.

Healthcare Supply and Patient Outcomes.— We access a restricted-use administrative dataset—the

National Patient Register (LPR)—covering the universe of hospitalizations in Denmark. We observe all

inpatient hospitalizations at non-psychiatric hospital wards. For each patient contact, we observe the

12
We scan, digitize, and clean the data from the following sources: Medicinalstatistiske Meddelelser: Lægestillinger og
Sengepladser på Institutioner (1972-1980) and Sygehusstatistik: Lægestillinger og Sengepladser på Institutioner (1981-1991).
See Lorentzen (2024) for the full list of references to the archival material.

13
From the same sources, we also collect data on posted and filled positions on the county-by-year level and by career-

stage as well as data on total bed capacity at the ward-by-year level
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hour and date of admission, the date of discharge, the type of admission (planned or unplanned), hos-

pital and hospital ward identifiers, the county in which the hospital is located, and the main specialty

of the hospital ward. Relying on pseudonymized personal identifiers, we link hospitalizations to The

Cause of Death Register (DAR) to obtain patients’ date of death.

3.2. Sample Restrictions

In the empirical analysis we use an unbalanced panel of hospital wards by year, between 1978 and

1986.
14

A ward is part of our sample if (i) it is not a psychiatric ward; (ii) admits patients; (iii) was

operating before the beginning of our period of analysis; (iv) admits at least one acute and one non-

acute patient; and (v) admits patients at least the year prior to the reform and in one of the years post-

reform. Our panel contains a total of 424 wards in 106 hospitals. The sample includes over 7.3 million

patient admissions, and covers 88% of the universe of hospitalizations in the period. See Appendix C

for details on the construction of our main variables and on our sample restrictions.

3.3. Main Outcomes

The primary measure of healthcare quality is the in-hospital all-cause mortality rate, a standard

indicator of hospital performance (e.g., Muñoz and Otero, 2025; Chan et al., 2023; Doyle et al., 2015;

Gaynor et al., 2013). To assess whether any effects extend beyond hospital discharge, we complement

this outcome with mortality at longer horizons. Using linked patient admissions and death registry

records, we construct mortality measures within 30 days, 60 days, and one year after discharge, in-

cluding in-hospital deaths. As additional healthcare indicators, we examine patients’ average length of

stay (in days) and readmission rates into any hospital ward 14 days, 30 days, and 60 days after discharge.

We also study heterogeneity by admission type, separately estimating all outcomes for planned and

unplanned (acute) admissions. This distinction is central in our setting because unplanned admissions

are typically non-deferrable emergencies, while planned admissions are more schedulable (Card et al.,

2009).
15

We compute all main outcomes separately for these two admission types. Finally, to address

concerns about changes in patient composition across reform periods, we compute age-adjusted and

risk-adjusted measures as the ratio between the observed rates and the predicted rates based on the

age-composition and diagnostic of admitted patients in each ward (e.g., Finkelstein et al., 2025; Muñoz

and Otero, 2025).

14
We focus on the period from 1978 to 1986 shield our analysis from other confounding policies, namely the introduction

of the pre-reform collective bargaining agreement signed in April 1977 and the reduction of the standard workweek to

39 hours in January 1987.

15
See Section 4 and Appendix C for details on definitions and construction.
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Figure 4. Trends Around the Reform

(a) Posted Positions by Career Stage (b) Posted Positions by Specialty Group

(c) Hospital Admissions (d) Hospital Mortality Rates

Notes. The figure documents relevant trends around the reform. Panel A presents the overall change in posted positions by physicians’

career stage. Panel B depicts the trend in posted positions for subordinate physicians, separately by medical specialties grouped into broader

categories. Appendix Table F.5 shows the assignment of specialties to each group. Data sources for Panels A and B are statistical books

produced by the Danish Health Authority. Panel C documents trends in total hospital in-patient admissions, by type of admission. Panel D

presents trends in hospital mortality rates by type of admission. Data sources for Panels C and D are restricted-use administrative registries

of in-hospital patient admissions.

3.4. Descriptive Statistics

To motivate our empirical analysis, we here present descriptive evidence on the first-stage impact

on the physician labor market and the downstream effects on healthcare during our period of analysis

(1978-1986).

Physician Labor Market.— Figure 4 shows the trends in posted positions at Danish hospitals by

career stage (Panel A) and specialty group (Panel B) from 1978 to 1986. First, consistent with the stated

goals of the reform, Panel A shows that overtime restrictions are followed by a large, discontinuous

increase in the number of posted positions. This surge in hiring is concentrated among subordinate

physicians—junior and senior residents—with no impact on the chief physician labor market, regulated

by a separate collective agreement. Between 1981 and 1982, the number of positions available for
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subordinate physicians increased by 35% while filled positions increased by 25%.
16

On the other hand,

Panel B of Figure 4 shows that the surge in posted positions varied across broad specialty groups. The

pattern is consistent with the idea that pre-reform overtime need and scheduling rigidity predicts labor

demand responses through hours-to-workers substitution. While surgical specialties, in which long

hours and non-daytime duty are common, increased their labor demand by more than 40%, para-clinical

specialties, that typically rely very little on either, experienced labor demand growth of less than 10%.

In Section 4 we describe how we rely on a related source of variation in our empirical analysis—pre-

policy concentrations of acute patients, mostly driven by differences across wards’ specialties.

Healthcare Supply and Hospital Mortality.— In Figure 4 we also present trends in hospital admis-

sions (Panel C) and in-hospital mortality (Panel D) throughout our period of analysis. Table 1 comple-

ments this information by showing summary statistics separately for the pre-reform (1978-1981) and

the post-reform (1982-1986) periods. The table shows that total counts by ward, post-reform means

are significantly higher than pre-reform means. For example, the mean number of yearly admissions

increased by 230.97 (12.23%) across periods. Conversely, in-hospital mortality was significantly lower

post-reform than pre-reform, with a decline of 2.69 fewer deaths per thousand admissions (-6.7%).

Taken together, this shows that although more deaths occurred in hospital wards in the post-reform

period, the in-hospital mortality rate was significantly lower, especially among unplanned admissions.

Figure 4, Panel D, also shows a noticeable drop in the in-hospital mortality rate in the reform imple-

mentation year (1982) among unplanned admissions—a group of patients disproportionately treated

by subordinate physicians. While this evidence descriptively documents significant differences across

reform periods, in Section 4 we outline our empirical strategy to estimate the effects of the policy

change.

16
Appendix E presents a more detailed analysis of labor demand change at the ward-level.
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Table 1. Summary Statistics: Analysis Sample (1978-1986)

Pre-Reform Post-Reform Post - Pre Post - Pre p-value

Mean SD Mean SD Diff. Diff.

Counts
Hospital Admissions 1879.61 1326.88 2110.58 1400.74 230.97 0.00

Unplanned Admissions 945.12 785.75 1170.89 904.28 225.76 0.00

Planned Admissions 934.49 866.77 939.70 826.49 5.21 0.85

Deaths in Hospital 63.02 76.30 70.07 83.94 7.05 0.01

Rates (per thousand admissions)
In-hospital Mortality 40.09 43.70 37.40 40.09 -2.69 0.05

In-hospital Mortality (among unplanned) 56.59 59.99 52.11 57.01 -4.48 0.02

In-hospital Mortality (among planned) 18.54 30.32 15.33 34.77 -3.21 0.00

30-day Mortality 57.20 57.60 55.78 54.51 -1.42 0.44

60-day Mortality 68.15 65.72 67.75 63.42 -0.40 0.85

1-year Mortality 127.19 111.14 131.19 110.31 4.00 0.28

30-day Readmissions 99.15 68.44 117.06 76.72 17.92 0.00

Other
Length of Stay (Days) 12.72 13.66 10.46 9.55 -2.26 0.00

Share of Unplanned Admissions 0.48 0.25 0.53 0.25 0.04 0.00

Share of Night Admissions 0.24 0.14 0.25 0.14 0.01 0.12

Share of Weekend Admissions 0.11 0.06 0.12 0.06 0.00 0.27

Urban County 0.54 0.50 0.54 0.50 -0.00 0.98

Mean Patients’ Age 45.40 16.80 47.03 16.45 1.64 0.00

Number of Observations 1691 1691 1970 1970 3661 3661

Number of Wards 424 424 424 424 424 424

Number of Hospitals 106 106 106 106 106 106

Notes. The table presents summary statistics for the analysis sample. The sample includes all non-psychiatric hospital wards with at least

one observation in each reform period (see Section C.1 for more details). Rate variables refer to variables measured per 1000 admissions.

Length of Stay (Days) is the average duration of hospitalizations in the ward, measured in days. “Share of Unplanned Admissions” refers to

the share of a ward’s admissions that are classified as “acute”. “Share of Night Admissions” refers to the share that are admitted outside the

interval 08:00AM–4:00PM. All variables are measured at the yearly level.
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4. Empirical Strategy

In this section, we present our research design. To study the effect of physician overtime restric-

tions on patient outcomes, we rely on a dose-response difference-in-differences strategy and event

studies. We present our source of identifying variation, as well as our preferred econometric specifi-

cations and estimators.

4.1. Identifying Variation: Differences in Pre-reform Overtime Need

To estimate the effect of overtime restrictions on patient outcomes, we exploit variation across

hospital wards with different levels of pre-reform overtime need. We proxy wards’ overtime need with

pre-reform characteristics of their production function and local healthcare demand. Our approach has

two main advantages. First, these demand features are predetermined and set constraints on wards’

labor allocation decisions. Second, they capture the need for additional hours, while observed overtime

could reflect strategic scheduling choices unrelated to true workload constraints.

We use the pre-reform share of unplanned admissions in each hospital ward as our main measure of

overtime need.
17

We leverage three schedule-constraining properties of this type of cases. First, acute

cases typically need immediate attention and treatment cannot be deferred. In contrast, the treatment

of non-acute cases can be planned and adapted to physicians’ daytime duty schedules. Second, the tim-

ing of arrival of unplanned admissions across the day is arguably exogenous to hospital ward decisions.

Third, weekend and night work is more likely to be assigned to unplanned nondeferrable admissions.

In Figure 5 we show the pattern of unplanned to planned admissions across weekdays and hour

of admission. Cases whose treatment can be planned are shifted towards workdays (Monday-Friday),

and especially towards the beginning of the week. Patients admitted during the weekend are about

4.5 times more likely to be an unplanned rather than a planned admission (Panel A). This echoes the

discussion in Card et al. (2009), that identifies patients with nondeferrable diagnosis by the relative

likelihood of being admitted on weekends. Moreover, we show that within a day, admissions that can

be planned are relatively more likely to be shifted to the beginning of the physicians’ daytime shift.

An admission during the night is almost 5 times more likely to be unplanned (Panel B).

All these properties predict relatively more overtime need. On the one hand, higher concentrations

of unplanned admissions force more physicians to be available on-call, working longer shifts. On the

other hand, by imposing restrictions on weekend and night work, the policy induces wards facing

relatively more unpredictable demand to hire more physicians (see Section 2). Given these properties,

we exploit variation across wards in the share of unplanned admissions pre-reform. By interacting a

17
As detailed in Section C.2, unplanned admissions refer to acute cases that arrive without prior booking, typically

through emergency departments.
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Figure 5. Unplanned-to-Planned Admissions (1978-1981)

(a) By Weekday (b) By Hour

Notes. The figure presents the ratio between the number of unplanned admissions over the number of planned admissions within different

time periods. The sample includes all patient admissions between 1978 and 1981. Panel A shows the variable for which day of the week.

Panel B shows the variable for each hour throughout the day. The vertical dash lines represent the start and end of the physician day shift.

A day shift is between 8:00 and 16:00. The horizontal dash lines represent when the number of planned and unplanned admissions are the

same.

Figure 6. Balance in Outcomes and Covariates

(a) Levels (1981) (b) Growth (1981-1980)

Notes. Panel A presents coefficients and 95% confidence intervals from OLS regressions of each variable on our dosage variable—share of

unplanned admissions in 1980—one year prior to the onset of the reform. Panel B presents the same coefficients but with the dependent

variable being the first difference change between 1980 and 1981. The dosage and dependent variables are standardized in both panels. Age

distribution variables are the share of patients in those particular age bins. All regressions are weighted by the number of patient admissions

in 1981, except for when the dependent variable is itself the number of admissions. Standard errors are clustered at the hospital ward level.

post-reform indicator with this proxy of overtime need pre-reform we aim to isolate variation in the

intensity of overtime restrictions across wards.

Balance.— To characterize wards that were relatively more exposed to the reform, we examine how

the share of unplanned admissions—our dosage variable—correlates with a set of ward-level covariates
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and outcomes in the year prior to the policy change. Figure 6, Panel A, reports standardized OLS

coefficients from regressing these 1980 characteristics on the share of unplanned admissions. Wards

with higher exposure tend to be larger, admit older patients, and exhibit higher in-hospital and post-

discharge mortality rates. Consistent with Figure 5, they also experience a higher incidence of weekend

and nighttime admissions. Thus, more exposed wards differ systematically in observable characteristics

from less exposed ones.

Panel B of Figure 6 shows that year-on-year changes in these characteristics are much less cor-

related with the dosage measure. Wards with higher exposure were not trending differently prior to

the reform, a finding further supported by the event-study estimates. Together, these patterns suggest

that while levels differ across wards, pre-reform trends do not, lending credibility to our identification

strategy.

In Appendix D we further characterize the variation in the share of unplanned admissions across

time, prior to the reform. Through a variance decomposition exercise, we start by showing that most

of the pre-reform variation stems from differences across specialties and wards, rather than across

years. We then discuss alternative proxies of overtime need and how these relate to our preferred

variable. In particular, we characterize differences across wards in the share of weekend admissions,

night admissions, as well as uncertainty in unplanned, weekend, and night admissions throughout the

year. In Section 6.5 we show whether the interpretation of our main results changes with alternative

definitions of our dosage variable.

4.2. Econometric Specifications and Identifying Assumptions

We exploit ward-level heterogeneity in pre-reform overtime need using the following event-study

specification:

Yit = α + γi + λt +

1980∑
τ=1978

δτ1{τ = t}Di +

1986∑
τ=1982

βτ1{τ = t}Di + εit , (1)

where Yit is the outcome for hospital ward i and year t. Di is the pre-reform share of unplanned

admissions (in t = 1980), our main regressor, standardized to unit variance so that coefficients are read

as effects of a one standard deviation increase in exposure to overtime restrictions. Ward fixed effects

(γi) control for time-invariant characteristics of each hospital ward, whereas year fixed effects (λt ) ab-

sorb common shocks to all wards within-year. We omit t = 1981, making the final pre-reform year the

reference category. Pre-reform coefficients δτ trace differential pre-trends across wards, and serve as a

visual parallel trends test. Our coefficients of interest are βτ, which trace the dynamic response to the

reform. To have a per-patient interpretation of our estimates and account for heterogeneity in ward

size, we weight observations by the number of admitted patients in 1981 (except when admissions are
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the dependent variable). To aid with the interpretation of our effects, we run separate specifications by

type of admission, depending on whether patients’ treatment could be deferred. To address misspecifi-

cation concerns, we also estimate the effect of the reform using a log transformation of the dependent

variable. To account for the cases of wards with no deaths, we also estimate the model through Poisson

quasi-maximum likelihood estimation (QMLE) (Chen and Roth, 2024; Mullahy and Norton, 2024). In

additional analyses, we also present stricter versions of our preferred specification in which we control

for trends within counties or within broad specialty groups, by replacing year fixed effects by county-

by-year (λct ) or specialty-by-year fixed effects (λst). We cluster the standard errors at the ward level,

but explore other possible structures of error correlation in robustness analyses.

To have a summary estimate of the effect of the reform in the three years after the onset of the

reform, we replace the event-time coefficients in Equation 1 by a post-reform indicator, using the

following specification:

Yit = α + γi + λt + β1{t ≥ 1982}Di + εit . (2)

The coefficient β captures the average relative effect of overtime restrictions across differentially

exposed wards after the reform is implemented. Our dosage definition and other variables remain

defined as above. In the case of our simplified DiD specification, we restrict the treatment period to

three years post reform (1982 − 1984), before the partial lifting of overtime restrictions may translate

into reemergence of overtime hours that were previously eliminated (see Section 2).
18

Finally, we run

identical specifications to those in Equation 2 at the patient-level.

Relevance.— To interpret our results as effects of the reform, Di must predict reform-induced hours-

to-workers substitution. In Section 5 we run a similar event study as the one in Equation 1, using labor

demand and hired physicians as the dependent variable of interest. Because we cannot link information

on hired physicians at the hospital ward level to our dose variable obtained from data from the National

Patient Register, we run our first stage analysis at the specialty (s) level. Yet, we show a strong increase

in labor demand the higher the pre-reform share of unplanned admissions by specialty (Section 5).

Parallel Trends.— Interpreting our estimates as causal requires that outcomes for wards with differ-

ent levels of exposure would have trended similarly absent the reform. We test differential pre-trends

by examining the pre-reform coefficients δτ, in Equation 1. In Sections 5 and 6 we show no differential

pre-trends across dose levels. Still, in the context of our continuous DiD design, without a stronger ver-

sion of parallel trends, the interpretation of the two-way fixed effects (TWFE) estimates is ill-defined

18
We note that the removal of the position spiral implies that previously eliminated overtime may reemerge if the demand

for health care supplied by subordinate physicians rises more than supply.
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if there are heterogeneous treatment effects by dose (Callaway et al., 2024). Given this, we require a

strong version of parallel trends where the average change in outcomes if all units experience dose d

is equal to the observed path of outcomes of dose group d (Callaway et al., 2024):

E
[
Ypost (d) − Ypre(0)

]
= E

[
Ypost (d) − Ypre(0)|D = d

]
, ∀d ∈ D, (3)

where D is the support of our dose variable. Relying on this identifying assumption, we interpret

our TWFE estimates as an average causal response from a marginal increase in D.

No Concurrent Shocks.— In Section 2 we carefully examine the main policy changes and find no

other major changes in the healthcare institutional landscape in Denmark for our main period of anal-

ysis. Negotiations around the reform concluded in late-1981, with a three-month adjustment window.

In our event-study analyses we show that there is no evidence consistent with anticipation in hiring

(Section 5) or in our outcome variables (Section 6.1). In 1984, there were two other major changes in

the physicians labor market in Denmark. First, overtime restrictions were partially lifted in 1984, as

discussed above and in Section 2. Second, the job allocation mechanism for early-career physicians

fresh out of medical school changed into a lottery-based system (Fadlon et al., 2024). Therefore, we re-

strict the interpretation of our estimates to a treatment period three years after the onset of the reform

(1982-1984).

5. Working Time Restrictions and the Physicians’ Labor Market

In this section, we provide empirical evidence on the first-stage impact of the reform on the physi-

cian labor market. Consistent with Hypothesis 2 and the arguments for our identifying source of

variation in Section 4.1, we show that specialties with higher concentrations of unplanned admissions

changed their labor demand the most. Appendix E presents additional descriptive evidence on overall

changes across reform periods including at the hospital ward level.

Extensive Margin of Labor Demand.— To study the first stage of the reform by overtime need, we

start by merging the share of unplanned admissions in t = 1980 with information on the number of

posted and filled subordinate physician positions at the specialty-by-year level (see Section 3). We then

run event-study (Equation 1) and simple difference-in-differences (Equation 2) specifications (Appendix

E). We include a total of 21 medical specialties for which we have information.

Figure 7, Panel A, shows dynamic effects on labor demand across reform periods, with no differ-

ential pre-trends. Post-reform point estimates peak in 1982 − 1983 and then gradually decrease in

magnitude, consistent with wards front-loading demand with the introduction of the overtime restric-

tions reform and with reductions in posted positions occurring with the end of the position spiral in the
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middle of 1984.
19

Over a baseline of 177 open positions by specialty pre-reform, the policy led to a 17%

change in labor demand per standard deviation of exposure in the three years after its implementation.

Hired Physicians.— Dynamic effects on hired physicians show an identical pattern (Figure 7, Panel

B), although with a relatively smaller magnitude. Consistent with the wedge between physicians’ labor

supply and demand right after the introduction of overtime restrictions (Figure 1), occupied positions

increase only by 23.5 new positions (Appendix Table E.4, Column 2, C.I.: 10.9; 36) for a one standard

deviation difference in our proxy of overtime need.

Figure 7. Labor Market Effects: Event-Study at the Specialty Level

(a) Posted Positions (b) Filled Positions

Notes. The sample includes all specialties that can be merged between the archival data on labor market positions and admission registries.

The figure documents coefficient of a regression with the same specification as Equation 1, but at the specialty level and using labor outcomes

as dependent variables. Panel A presents estimated effects for the change in posted positions, while Panel B presents the estimated effects

for filled positions. All estimates are relative to the baseline year 1981. The dashed vertical lines indicate onset of the new working-hour

system. The capped bars depict 95% confidence interval using robust standard errors.

In Appendix E we further show that the share of unplanned admissions pre-reform is highly corre-

lated with (ρ = 0.56) and explains almost a third of the variation in the percent change in labor demand

across specialties. In contrast to our main specification, we use the percent change in labor demand

between 1983 and 1981 as the dependent variable, to allay concerns with the effect being driven by

baseline specialty size before the reform. We show that a one standard deviation difference in the

share of unplanned admissions pre-reform is associated with a 5.5 p.p. increase (p-value = .008) in

the demand for new subordinate physicians, weighted by the number of posted positions at baseline

(Figure E.5). Overall, our first-stage findings, even if at the specialty-level, are consistent with over-

time need predicting a stronger hours-per-worker to worker substitution after the implementation of

overtime restrictions (Hypothesis 2). Next we turn to the effect on patient outcomes.

19
With the removal of the position spiral, the public employers issued a guarantee running until April 1st 1987, stating

that the number of posted positions would be reduced by at most 360 positions cf. CIS nr 6380 af 19/07/1984.
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6. Working Time Restrictions and Health Outcomes

In this section we provide reduced-form evidence of the effect of physician working time restric-

tions in Denmark on patient outcomes. First, we show that the policy led to a significant reduction in

in-hospital mortality in wards relatively more affected by working time restrictions, especially among

unplanned cases. Second, we find that after the implementation of the new working hour system, the

most affected wards were able to admit relatively more planned cases. Third, we find that these changes

in healthcare production among relatively more affected wards led to no changes in readmission rates

or the average length of stay. Finally, we show that the results are robust to a series of alternative

treatment dosage definitions, specifications, and sample restrictions.

6.1. In-hospital Mortality

We start by showing that the working time restriction reform in Denmark reduced in-hospital

mortality. Figure 8, Panel A, plots the event-study coefficients of the specification outlined in Equation

1, for our 1978-1986 sample of hospital wards in Denmark. We observe that from 1982—the first year

of implementation—in-hospital mortality rates gradually decrease relative to 1981 and are statistically

significant (p < 0.01). To summarize the estimates, we aggregate pre- and post-reform periods until

1984 in the dose-response difference-in-differences (DiD) specification outlined in Equation 2. As Table

2, Panel A, Column 1 reports, we find that in the three years after the onset of the reform, one standard

deviation difference in pre-reform overtime need—25 percentage points in the share of unplanned

admissions in 1980—reduces in-hospital mortality by 2.45 deaths per thousand admissions (95% CI.:

-3.67; -1.24). Relative to the weighted pre-reform mean of 34.08 deaths per thousand admissions, this

represents a 7.1% decline in in-hospital mortality for each standard deviation in overtime need. In

Appendix Figure G.7 we show that the mortality decline is driven by wards where hours-for-workers

substitution induced by overtime restrictions is larger.

The main concern is that wards were already in diverging trends pre-reform. However, consistent

with no differential pre-trends across different treatment dosages, the dynamic effects show that pre-

reform estimates are small and statistically indistinguishable from zero (Figure 8, Panel A). Therefore,

it does not seem that in-hospital mortality differences across wards would have similarly changed

without the reform.

Another concern with our main specification is that the dependent variable is in levels, which may

not capture proportional changes in mortality rates across wards with different baseline levels of ad-

missions. Appendix Table F.8 reports difference-in-differences estimates from a log specification. Three

years after the onset of the reform, a one-standard-deviation increase in the dose variable is associated

with about a 4.9% decline in in-hospital mortality (95% C.I.: -0.091; -0.007) for all admissions and a 7.1%
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Figure 8. In-Hospital Mortality: Event-Study at the Ward Level

(a) All Admissions (b) Unplanned Admissions

(c) Planned Admissions

Notes. The figure documents coefficients δt and βt of the event-study specification as in Equation 1. Panel A presents estimated effects for

the change in deaths in hospital per thousand admissions, among all admissions. Panel B presents the estimated effects for deaths in hospital

originating from unplanned admissions per thousand unplanned admissions. Panel C presents the estimated effects for deaths in hospital

originating from planned admissions per thousand planned admissions. All estimates are relative to the baseline year 1981, and results are

weighted by the number of admitted patients in 1981. The dashed vertical lines indicate onset of the reform. The capped bars depict 95%

confidence interval using robust standard errors clustered at the hospital ward level.

decline (95% C.I.: -0.111; -0.031) for unplanned admissions. However, the log specification excludes

about 6% of ward-year observations with zero recorded deaths. As shown by Chen and Roth (2024)

and Mullahy and Norton (2024), estimates can be sensitive in the presence of extensive-margin effects.

We therefore also estimate a Poisson QMLE specification in levels, whose coefficients are interpretable

as log point changes. Appendix Table F.9, Column 1, yields the same qualitative pattern as our main

specification, but with a smaller proportional effect for all admissions (3.7%; 95% C.I.: -0.07; -0.004) and

a similar magnitude for unplanned admissions.

We also run the same difference-in-differences specification at the level of patient admissions. Ap-

pendix Table F.10 shows that the decrease in the individual’s probability of dying in hospital is consis-

tent with our ward-level results. We find that, at the patient-level, one standard deviation increase in
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the dose variable leads to 2.15 fewer deaths per thousand admissions, or 6.4% over the mean (Appendix

Table F.10, Panel A, Column 1).

Table 2. Effects of the Reform on Mortality

Mortality Rates

In-hospital 30-days 60-days 1-year

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

Panel A: All Admissions

1{t ≥ 1982} × Di -2.45 -2.27 -1.93 -1.27

(0.617) (0.690) (0.748) (0.998)

[-3.67,-1.24] [-3.63,-0.91] [-3.40,-0.46] [-3.23,0.70]

R-Squared 0.962 0.968 0.972 0.981

Mean Dep. Var. 34.08 48.44 57.72 106.80

Panel B: Unplanned Admissions

1{t ≥ 1982} × Di -5.53 -6.69 -6.64 -6.52

(1.262) (1.566) (1.634) (1.752)

[-8.01,-3.05] [-9.77,-3.62] [-9.85,-3.43] [-9.96,-3.07]

R-Squared 0.944 0.952 0.957 0.972

Mean Dep. Var. 58.00 79.53 91.90 150.03

Panel C: Planned Admissions

1{t ≥ 1982} × Di -1.02 -0.83 -0.88 0.27

(0.520) (0.710) (0.868) (1.245)

[-2.05,-0.00] [-2.23,0.56] [-2.59,0.82] [-2.18,2.72]

R-Squared 0.807 0.845 0.863 0.957

Mean Dep. Var. 9.87 16.96 23.13 62.87

Observations 2,911 2,911 2,911 2,911

Nr. of Wards 424 424 424 424

Mean Exposure Var. 0.48 0.48 0.48 0.48

S.D. Exposure Var. 0.25 0.25 0.25 0.25

Notes. The table presents estimates of β in Equation 2 for the impact of the reform on mortality rates, using the sample of hospital wards

between 1978 and 1984. Panel A presents results for all admissions, while Panels B and C show estimates only among unplanned and

planned admissions, respectively. Di is the standardized share of unplanned admissions in each ward i, in 1980. Each column refers to a

different measure of patient mortality, measured per thousand admissions. In-hospital refers to the total number of deaths in the hospital

ward per thousand admitted patients (Column 1). Columns 2 through 4 present mortality rates at different horizons post-discharge: 30 days,

60 days, and 1 year. All observations are weighted by the total number of admissions (Panel A), unplanned admissions (Panel B), or planned

admissions (Panel C) in 1981. The mean of the dependent variable is computed pre-reform and similarly weighted. 95% confidence intervals,

computed from robust standard errors clustered at the hospital ward level (in parentheses) are presented between brackets.

By Type of Admission.— Next, we examine the effects of the reform on different types of patients.

We start by focussing on unplanned admissions—patients arriving through the emergency room or ad-

mitted on a non-elective basis. Acute patients have a stronger link to the margin affected by overtime

restrictions. Acute cases arrive at relatively more unpredictable hours and generate most of week-

end and nighttime work, covered by residents’ relatively longer hours pre-reform (see Section 4). If

overtime restrictions have an effect through a fatigue channel, the effect should be relatively stronger

among this type of patients. Moreover, contrary to planned admissions, unplanned admissions are typ-
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ically nondeferrable. The effects on overall mortality could then partly reflect endogenous healthcare

supply decisions, where planned admissions are deferred to later dates.

Figure 8, Panel B, and Table 2, Panel B, Column 1, replicate the event-study and DiD specifications

on the set of unplanned admissions. We find that in-hospital mortality rates among unplanned cases

fall by 5.53 for each thousand admissions, for one standard deviation increase in overtime need pre-

reform (95% C.I: -8.01, -3.05), or 9.5% relative to the mean. Among planned admissions, mortality rates

also fall by about 1 less death for each thousand admissions (95% C.I: -2.05, -0.00), or 10% relative to

the pre-reform mean. As for all patient types, we find no evidence of differential pre-trends (Figure

8. We interpret the larger point estimate for acute cases—relative to the drop among all patients—as

suggestive evidence that the reform operates through a fatigue channel, which is most relevant for

acute care that takes place around the clock.

6.2. Post-discharge Mortality

Table 2 shows that improvements in patient survival extend well beyond the hospital stay. Columns

2–4 report deaths per thousand admissions at 30 days, 60 days, and one year after discharge. Tracking

mortality beyond discharge is informative because in-hospital deaths may be affected by discharge

timing or recording practices, while post-discharge mortality reflects patients’ underlying health after

treatment and continuity of care. For all admissions combined, mortality declines remain visible up to

one year post-discharge, though they gradually attenuate over time. Among unplanned admissions—

the group most exposed to the reform—the reduction in mortality is more pronounced and persistent: a

one standard deviation increase in exposure reduces 1-year mortality by 6.5 per thousand admissions,

or 4.3% over the mean (Panel B, Column 4). By contrast, planned admissions show relatively short-lived

changes (Panel C), suggesting that the gains are concentrated among emergency cases where timely

availability of physicians is most critical. Since post-discharge deaths are recorded independently of

hospital data, these patterns cannot be explained by changes in coding practices or discharge policies.

Event-study estimates confirm the absence of differential pre-trends, reinforcing a causal interpretation

of these sustained mortality improvements (Appendix Figure G.10).

6.3. Interpreting Changes in Mortality

A decline in mortality rates may reflect different causes. On the one hand, relatively more exposed

hospital wards may prevent more deaths overall, conditional on the same intake of patients. On the

other hand, wards may admit more patients without a commensurate rise in mortality. Moreover, a

systematic shift in the type of patients admitted may not necessarily reflect an improvement in quality

of care. Distinguishing between these sources of mortality decline is therefore essential for interpreting

the effects of the reform.
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Healthcare Supply.— To separate expanded capacity from improved survival conditional on admis-

sion, we re-estimate our main specifications using admissions and death counts—rather than mortality

rates—as dependent variables.

Appendix Figure G.11 and Table F.11 show that the reform eased pre-existing supply constraints.

A one standard deviation increase in overtime need led to roughly 58 additional yearly admissions per

ward, corresponding to a 3 percent increase relative to the pre-reform mean of 1,879 (Table F.11, Panel

A, Column 1). This expansion was driven by planned admissions, consistent with Figure G.12, which

documents a sizeable reduction in the share of unplanned cases following the reform. We interpret

this pattern as evidence that the reform expanded effective healthcare: hospitals were able to handle a

larger caseload without a commensurate rise in deaths in hospital.

Patient Composition.— Mortality improvements could also arise if wards treated systematically

healthier patients after the reform. To evaluate this possibility, we construct mortality measures that

adjust for changes in patient characteristics.

We first compute age-adjusted mortality rates, dividing observed deaths by the expected number of

deaths implied by each ward’s age distribution. Following Finkelstein et al. (2025), we use the predicted

death rate in different age bins
20

in the first year of our sample (1978), to compute the expected death

rate in every ward-year cell based only on the age distribution. The second measure accounts for

differences in diagnostic mix. Using data on over 790 thousand hospitalizations in 1978, we estimate

a logit model of mortality on age bins and diagnostic categories to predict each patient’s conditional

probability of dying in hospital (as in Muñoz and Otero, 2025). Diagnoses are grouped into 17 Charlson

comorbidity categories (Charlson et al., 1987) and one residual low-risk group.
21

Our risk-adjusted

mortality measure is the ratio of observed to predicted deaths in each ward-year, rescaled by the overall

1978 death rate to yield coefficients that can be interpreted as deaths per thousand admissions.

Appendix Table F.13 reports age-adjusted mortality results for in-hospital, 30-day, and 1-year mor-

tality. The estimates are qualitatively similar to our baseline mortality results, with generally negative

effects across horizons and larger declines among unplanned admissions, suggesting that changes in

age composition alone do not explain the mortality improvements in more exposed wards. Appendix

Figure G.8 shows that these results are not confounded by differential pre-trends.

Appendix Table F.14 shows the results for the risk-adjusted in-hospital mortality rates. We find

that a one standard deviation increase in the proxy of overtime need leads to a drop in 1.19 deaths

per thousand admissions (95% C.I.:-2.00;-0.37), or about 4.2% over the pre-reform risk-adjusted mean

20
The age bins are 0 for new-borns and then 5 year intervals up until 89. The last bin includes all patients aged 90 and

above.

21
Charlson comorbidity groups are identified from ICD-8 diagnostic codes in Danish registry data.
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(Column 1). These results show that in relatively more exposed wards deaths decreased more than

what would be predicted by their patient death risk. Restricting to unplanned admissions we also see a

decline of 1.85 risk-adjusted deaths per thousand admissions, though with limited statistical precision

(95% C.I.: -4.39; 0.69). Appendix Figure G.9 reports the coefficients in an event-study specification,

showing no evidence of differential pre-trends.

Figure 9. Standardized DiD Estimates for Adjusted In-Hospital Mortality Rates

Notes. The figure summarizes the difference-in-differences estimates of Equation 2 for adjusted mortality outcomes, comparing the baseline

mortality specification to age-adjusted and risk-adjusted, constructed as described in the main text. Age-adjusted mortality is computed by

dividing observed deaths by the expected number of deaths implied by each ward’s age distribution, using predicted death rates in different

age bins from 1978. Risk-adjusted mortality is computed as the ratio of observed to predicted deaths in each ward-year, where predictions

are based on a logit model of mortality on age bins and diagnostic categories estimated on 1978 data, rescaled by the overall 1978 death rate.

All observations are weighted by the total number of admissions in 1981. For comparability, we standardize effect sizes by dividing by the

weighted standard deviation of the dependent variable in the pre-reform period, with weights given by the number of admissions in the

ward in 1981. Point estimates are shown with 95% confidence intervals computed from robust standard errors clustered at the hospital ward

level.

Figure 9 summarizes these results. It plots the standardized difference-in-differences estimates

for in-hospital mortality under the baseline, age-adjusted, and risk-adjusted outcome definitions. The

point estimates are generally smaller in magnitude for the adjusted mortality measures, but they remain

negative. This suggests that while changes in patient composition may account for part of the observed

mortality decline, they do not fully explain it. The reform led to improvements in patient survival

beyond what would be expected based on changes in age or diagnostic mix alone.

In sum, these results indicate that the decline in mortality rates following the reform cannot be

fully explained by changes in patient composition or shifts in healthcare supply. Wards more affected

by overtime restrictions expanded their capacity to admit patients without experiencing a proportional

rise in deaths, and mortality improvements persist even after adjusting for patient age and diagnostic

mix. The evidence therefore points to gains in healthcare efficiency. Hospitals treated more patients

with fewer deaths per admission, consistent with improvements in quality of care rather than just
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shifts towards lower-risk patients.

6.4. Other Outcomes: Readmissions and Length of Stay

An important concern is that lower in-hospital mortality rates and additional admissions may re-

flect earlier patient discharges or other changes that merely postpone deaths to post-discharge periods.

To assess whether overtime restrictions altered the production function of hospital wards or compro-

mised overall quality of care, we examine two outcomes: (i) readmission rates 14, 30, and 60 days after

discharge, and (ii) the average length of stay (LOS) per admission.

Table 3. Effects on Readmission Rates and Length of Stay

Readmission Rates

Length of Stay

14-days 30-days 60-days

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

Panel A: All Admissions

1{t ≥ 1982} × Di -0.60 -2.73 -1.89 -0.14

(1.164) (2.304) (2.219) (0.103)

[-2.89, 1.69] [-7.26, 1.80] [-6.25, 2.47] [-0.35, 0.06]

R-Squared 0.846 0.922 0.938 0.916

Mean Dep. Var. Pre-Reform 59.01 97.77 142.87 9.31

Panel B: Unplanned Admissions

1{t ≥ 1982} × Di 0.15 1.27 2.39 -0.15

(1.198) (1.729) (1.984) (0.127)

[-2.20, 2.51] [-2.13, 4.67] [-1.51, 6.29] [-0.40, 0.10]

R-Squared 0.698 0.797 0.846 0.851

Mean Dep. Var. Pre-Reform 59.10 96.35 142.15 10.52

Panel C: Planned Admissions

1{t ≥ 1982} × Di 1.20 -2.04 0.10 -0.24

(1.730) (4.391) (4.391) (0.163)

[-2.20, 4.60] [-10.67, 6.59] [-8.54, 8.73] [-0.56, 0.08]

R-Squared 0.878 0.930 0.939 0.866

Mean Dep. Var. Pre-Reform 58.41 98.81 143.05 8.16

Observations 2,911 2,911 2,911 2,911

Nr. of Wards 424 424 424 424

Mean Exposure Var. 0.48 0.48 0.48 0.48

S.D. Exposure Var. 0.25 0.25 0.25 0.25

Notes. The table presents estimates of β in Equation 2. The sample includes all hospital wards with at least one observation in each reform

period (see Section C.1 for more details). Di is the standardized share of unplanned admissions in each ward i, in 1980. Readmissions refer

to the total number of admitted patients that are readmitted in the same or any other hospital ward within 14, 30, or 60 days after discharge

from hospital ward i per thousand admitted patients (Columns 1-3). The dependent variable in Column 4 is the number of days the average

admitted patient spends in ward i. All observations are weighted by the number of total patient admissions in 1981. 95% confidence intervals,

computed from robust standard errors clustered at the hospital ward level (in parentheses) are presented between brackets.

Table 3 reports the difference-in-differences estimates, using the same specification as in Equation

2. Across all time horizons, the point estimates for readmission rates are negative but statistically im-

precise, with 95 percent confidence intervals that include zero (Columns 1–3). Likewise, the estimated

change in average LOS is small and not statistically significant (-0.14; 95% C.I::–0.35; 0.06). Event-study
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results show no evidence of differential pre-trends for either outcome (Appendix Figure G.13).

When disaggregating by admission type, the results have a qualitatively identical interpretation.

Among unplanned (acute) admissions, where treatment urgency is particularly important, there is

no indication that physicians shortened hospital stays or discharged patients earlier (Table 3, Panel

B). Among planned admissions, where hospitals could have potentially used shorter stays to expand

capacity, we also find no evidence of reduced LOS or higher readmission risk, with noisy estimates

statistically indistinguishable from zero (Table 3, Panel C).

In sum, these results suggest that the supply expansion and mortality reductions documented above

are not driven by shorter stays, premature discharges, or higher patient turnover. Instead, the evidence

points to hospital wards maintaining at least similar lengths of stay and readmission patterns while

achieving better patient survival. These findings are consistent with efficiency gains from the reform

rather than changes in discharge behavior.

6.5. Robustness and Sensitivity

To ensure the robustness of our main results we examine the sensitivity of our findings to alter-

native: (i) proxies of overtime need; (ii) sample restrictions; (iii) specifications; and (iv) permutation

tests.

Alternative Dosages.— As argued in Section 4.1, our preferred measure of treatment intensity—

hospital wards’ pre-reform share of unplanned admissions—captures their exposure to overtime re-

strictions. Nonetheless, one may worry that it is not the only or most relevant source of identifying

variation. To address this concern, we re-estimate our main specifications using alternative proxies for

overtime need: the pre-reform shares of weekend and nighttime admissions, which also reflect exposure

to the scheduling constraints imposed by the reform (Section 2).

Appendix Figure G.14 presents the event-study estimates based on these alternative measures.

Across all definitions, we find qualitatively similar patterns: mortality rates decline more in wards

with greater exposure to overtime restrictions. Estimated magnitudes are somewhat smaller when

exposure is measured by nighttime admissions, particularly among unplanned cases, where estimates

are less precise.

Finally, to capture the multidimensional nature of scheduling intensity, we construct a composite

exposure index. We compute, for each ward, the mean and within-year variation of unplanned, week-

end, and nighttime admissions, and extract their common component through principal-component

analysis (see Appendices C and D). Using this latent measure yields effect estimates that are quantita-

tively and qualitatively similar to our baseline specification (Appendix Figure G.15).

These findings show that the estimated mortality effects are robust to alternative definitions of
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exposure and persist across multiple dimensions of scheduling intensity, reinforcing the interpretation

that the reform’s impact operates through restrictions on overtime work, as well as weekend and night

shifts.

Alternative Samples.— We test robustness using different analysis samples. First, we re-run our

difference-in-differences specification in a balanced sample of hospital wards. Because our main anal-

ysis uses an unbalanced sample, it could be that effects are driven by hospital units that close down

or are consolidated across the period, and affect the composition of the observations post-reform. To

allay concerns with this type of attrition, we replicate our findings using a balanced sample of hospital

wards, restricting the analysis only to those wards that admit patients in every year throughout the

period between 1978 and 1984. The restricted sample thus excludes observations from 36 wards in

our main sample. Appendix Table F.15 reports the results for this balanced sample, showing that the

estimates remain similar, even if slightly less precise.

Second, we re-estimate our main specifications excluding gynecology and obstetrics (GynOb) wards.

These wards treat substantially larger number of patients per year than those in other specialties, giving

them a higher influence in our estimates. To ensure that our results are not driven by this differences

in scale across wards, we repeat the analysis after removing GynOb wards from the sample. Appendix

Table F.16 shows that the qualitative interpretation of our main findings is unchanged.

Other Specifications.— Variation in our dosage variable arises primarily from differences across med-

ical specialties and in the type of local healthcare demand faced by each hospital ward. One concern is

that post-reform differences could instead reflect unobserved location- or specialty-specific trends. To

address this, we augment our main specification by adding year-by-county (λtc) or year-by-specialty-

group fixed effects (λts). The former restricts within-year comparisons to wards operating in the same

county, while the latter limits comparisons to wards within the same specialty group.
22

Tables F.7–F.12

report the corresponding difference-in-differences estimates across different columns.

Results including year-by-county fixed effects are quantitatively similar to our baseline estimates,

suggesting that spatially correlated shocks are unlikely to drive our findings. When we instead include

year-by-specialty fixed effects, the estimated effects become smaller and statistically less precise. This

attenuation is expected: adding λts absorbs much of the relevant identifying variation, since pre-reform

differences in unplanned admissions are largely explained by variation across specialties (Appendix D,

Table D.1). By comparing only wards within the same specialty in a given year, this specification

removes meaningful cross-specialty variation, such as between high-intensity acute specialties and

22
Specialties are grouped into General Surgery, Specialized Surgery, Gynecology and Obstetrics, Internal Medicine (Gen-

eral), Internal Medicine (Specialties), and Other Specialties. Appendix Table F.6 lists the specific specialties in each

group.
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lower-intensity ones. Once this between-specialty variation is differenced out, the remaining within-

specialty variation is limited. Nevertheless, the point estimates remain negative, although with confi-

dence intervals that include zero.

Permutation Tests.— To assess whether our findings could result from spurious correlations between

wards’ pre-reform overtime exposure and subsequent mortality changes, we perform a permutation

test. Specifically, we randomly reassign the pre-reform share of unplanned admissions across hospital

wards and re-estimate our main specification using these placebo exposure values. Repeating this pro-

cedure 1001 times yields a distribution of simulated treatment effects. Appendix Figure G.16 compares

this placebo distribution to our baseline estimates, and by type of admissions. Our estimated effects

lie far in the lower tail of the simulated distributions, indicating that the observed mortality decline is

unlikely to have arisen by chance.

Alternative Inference.— We re-estimate our difference-in-differences specification (Equation 2) us-

ing alternative assumptions about the correlation structure of the error term. Appendix Figure G.17

reports 95% confidence intervals based on standard errors clustered at the hospital-ward, hospital,

county, and specialty-group levels. Across all clustering choices, the estimated effects on in-hospital

and 1-year mortality remain qualitatively unchanged, confirming that our main results are not sensitive

to different clustering of the standard errors.

7. Conclusion

In this paper, we exploit a strong restriction on physicians’ overtime hours and scheduling to study

how the allocation of hours across workers shapes productivity in public hospitals. Leveraging ward-

level differences in pre-reform overtime need, we show that the 1982 Danish overtime restriction re-

form triggered a sizeable substitution from hours to workers. For each standard deviation in our in-

tensity measure of exposure to the policy, wards hired 14% more resident physicians. We find that

in-hospital mortality rates fell by an average of 7% for a one standard deviation increase in exposure to

the reform. The labor demand shock seems to have lifted previous capacity constraints, allowing hos-

pital wards to admit relatively more planned, non-acute patients. Nevertheless, larger impacts among

unplanned admissions and reductions in risk-adjusted mortality rates suggest that improvements in

hospital performance were not fully driven by changes in patient composition post-reform. Impor-

tantly, the effects are not short-lived and extend to out-of-hospital mortality at least until one year

after discharge. Readmission rates and the average length of stay did not change with the new pol-

icy indicating that improvements in hospital performance were not offset by greater post-discharge

healthcare utilization.

Our findings suggest that binding overtime restrictions can induce efficiency gains in public hospi-
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tals. By forcing a reallocation of work toward additional personnel, such policies may relieve fatigue-

related inefficiencies and enhance patient safety. The results illustrate how targeted labor market reg-

ulations can correct misaligned incentives in sectors where productivity is difficult to monitor or price.

From a policy perspective, our findings contribute to the long-standing debate about resident physician

work hours. While the weekly working hours of the average worker in the economy have been steadily

declining over the last decades, physicians’ workweeks have significantly lagged behind this trend. Our

results show that the job-sharing policy in Denmark was effective in bringing more physicians into

the profession without harming patients’ health. Crucially, the new work hours arrangement was im-

plemented in a context of excess labor supply prior to the reform, and would likely be less effective

when shortages of professionals are an important concern.

In ongoing work, we are investigating why hospital performance gains were not achieved before

the reform. Even if shorter-hours allocations were feasible, they may not have been privately optimal

given prevailing frictions. Overtime is a highly flexible margin for covering demand spikes, helping to

maintain continuity of care and deal with non-deferrable work. But overtime can also reduce perfor-

mance through fatigue, with costs that are difficult to measure and therefore not fully internalized in

scheduling decisions. In addition, wage rigidity, hiring and training frictions, or coordination problems

can sustain an overtime-heavy equilibrium even when adding physicians would raise performance. By

constraining overtime and forcing substitution toward the extensive margin, the reform may have

shifted hospitals to a higher-performance labor allocation that was previously hard to implement or

not incentive-compatible. Clarifying these mechanisms can inform when overtime restrictions are

likely to raise productivity in other long-hours sectors facing similar distortions.
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A. Institutional Background on Working Hours and Shift Schedules

A.1. Pre–Reform Regime (1978–1981)

Before the 1982 working hour system, hospital physicians’ weekly schedules comprised two main

components: scheduled “daytime duty” and unscheduled “on-call duty,” with overtime and rest rules

layered on top.

Daytime duty.— Physicians on wards with on-call obligations worked 6 hours and 20 minutes per

weekday, beginning no earlier than 07:45 and no later than 10:00. In units without on-call responsibil-

ities, the standard weekday shift was eight hours long.

On-call duty.— On-call covered the hours from the end of that weekday shift until the start of the

next day-time duty (17 hours and 40 minutes). Hospitals classified on-call into three settings (off-site,

at home, or on-site) and four “shift-classes” (A–D) according to expected active hours: Class A (0-2

hours); Class B (2-4 hours); Class C (4-6 hours); and Class D (6-8 hours).

Overtime.— Any duty beyond the scheduled daytime shift on a non–on-call day (at least half an

hour) counted as overtime. In Class D on-call, hours worked beyond an eight-hour “effective” threshold

were also treated as overtime.

Rest Periods.— After completing an on-call shift, a physician was guaranteed at least five hours of

uninterrupted rest before the next daytime duty.

A.2. Post–Reform Regime

The 1982 collective agreement transformed duty classification into a single “normal duty” category

plus on-call, tightened rest requirements, and raised overtime premiums.

Normal Duty.— Ward managers schedule planned work—daytime, evening, or night—within a new

weekly hour cap.

• Daytime: Starts between 06:00 and 10:00 and must end by 18:00; at least twenty of the weekly

hours must fall between 08:00 and 16:00 (twenty-hour rule).

• Evening: Begins no earlier than 14:00 and extends past 17:00.

• Night: Begins no earlier than 22:00.

On-call Duty.— Encompasses any hours outside normal duty, including optional twenty-four-hour

weekend and holiday shifts. Availability factors—fractions of each on-call shift deemed “active” for

pay—are set at one-third when doctors stay at home and two-thirds when they remain on-site; twenty-

four-hour shifts carry higher factors (14 hours at home, 20 hours on-site).
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Rest Periods.— The reform pledged compliance with national rest laws (eleven hours rest per twenty-

four-hour period, one full day off per week
23

), while allowing limited local waivers:

• Daily rest: May be negotiated down to eight hours: Once per twenty-four-hour period for normal

duty, or up to ten such days per month for on-call—provided lost rest is compensated later.

• Weekly rest: May be rescheduled so that no more than twelve days separate two full rest periods.

Overtime Pay.— Effective on-call hours carry an additional one-third premium. From April 1982,

this rose to one-half of the base pay.

23
Bekendtgørelse nr. 372 af 15. august 1980 om hviletid og fridøgn.
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B. Model

B.1. Setup

We consider an economy with a finite number of firms, H . In our model, firms are hospital wards

that have no profit motive, but seek to maximize a healthcare output metric Y , subject to an exogenous

budget B. Firms choose two types of labor inputs: hours-per-worker (h) and workers (N ). We start by

assuming that workers are homogeneous.

We also assume a simple Cobb-Douglas production function, given by:

Y (h, N ) = hN 1/θ
, θ ∈ (0, 1). (4)

This formulation makes the key trade-off transparent. Wards can raise output by extending shifts

(h) or by hiring more workers (N ). The θ parameter governs the marginal rate of technical substitution

between h and N . As θ → 1, there are weaker returns to adding workers, so increasing hours is

relatively more attractive. A lower θ implies stronger returns to adding workers, so hiring is relatively

more attractive than longer shifts.

We assume that wards are heterogeneous in θ, such that there is a distribution F (θ) over hospital

wards in the economy. Heterogeneity across hour productivity is a natural assumption in our context,

as different hospital wards have different types of patients and medical conditions, which may require

different levels of attention and care. For example, wards that treat more acute patients may have a

higher θ, as they may require more hours of availability per patient.

B.2. Hospital Wards Problem Before the Reform

The problem faced by hospital wards before the reform is similar to the one in Hunt (1999), but we

abstract from labor-capital substitution and wards do not maximize profit. Wards have a convex pay

schedule provided by the triplet {w, p, h̄}. Workers are compensated at rate w per hour up until the

standard hours limit h̄. For each additional hour worked above h̄, workers are paid with an overtime

premium (1 + p)w. Each worker has a fixed cost f . We assume that the fixed cost per worker is

sufficiently large to justify the use of overtime hours. Furthermore, the overtime premium is such that

p <
f

wh̄
.
24

Contrary to the case of profit-maximizing firms, each hospital ward has a budget constraint

B.

Each hospital ward faces the following problem:

24
As we show later, this condition ensures that the optimal overtime solution is strictly positive.
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max

h,N
Y (h, N ) − N

[
wh + wp1{h > h̄}(h − h̄) + f

]
,

s.t. N
[
wh + wp1{h > h̄}(h − h̄) + f

]
≤ B,

h ≥ 0, N ≥ 0.

(5)

The solution to the problem above leads us to the first results regarding the optimal scheduling of

hours in terms of θ. Given the convex budget constraint, wards start by solving two separate interior

problems, depending on whether h falls below or above standard hours h̄.

Result 1. The ward has two possible interior solutions to the optimal labor allocation across h and N :

(i) Without overtime: h∗
0
(θ) =

θ
1−θ

f
w ; N∗

0
(θ) = (1 − θ)

B
f .

(ii) With overtime: h∗
1
(θ) =

θ
1−θ

f −wph̄
w(1+p)

; N∗
1

(θ) = (1 − θ)
B

f −wph̄
.

Proof. Straightforwardly derived from the first order conditions (FOC) of the ward’s problem in Equa-

tion 5. First, we derive the FOC for the case where h ≤ h̄ and solve for h to get h∗
0
. We use the binding

constraint to then derive N∗
0

. Second, we derive the FOC for when h > h̄ and get h∗
1

and N∗
1

.

Whether each of the solutions is implemented depends on the relationship between θ and the wage

schedule parameters {w, p, h̄, f }. We start by dividing the support of θ into two feasibility regions: (i)

one where h∗
0

if feasible, and (ii) one where h∗
1

is feasible.

Result 2. Overtime feasibility regions are such that:

(i) For θ ∈ (0, θ0], where θ0 ≡ wh̄
f +wh̄

: h∗
0
(θ) is feasible.

(ii) For θ ∈ (θ1, 1), where θ1 ≡ w(1+p)h̄
f +wh̄

: h∗
1
(θ) is feasible.

(iii) For θ ∈ (θ0, θ1]: h∗ = h̄.

Proof. First, we show the derivation of θ0.

If the interior solution for the no-overtime hours allocation h∗
0

falls in the overtime region such

that h∗
0
> h̄, the hospital ward can only rely on the overtime solution h∗

1
, as h∗

0
is not feasible. It must

then be that:

h∗
0
(θ) =

θ

1 − θ

f
w

≤ h̄ ⇐⇒ θ ≤ wh̄
f + wh̄

≡ θ0. (6)

So, for h∗
0
(θ) to be implementable, θ ∈ (0, θ0], as in condition (i), Result 2.

On the other hand, if the interior solution for the overtime hours allocation h∗
1

falls in the no-

overtime region such that h∗
1
≤ h̄, the hospital ward can only rely on the no-overtime solution h∗

0
, as

h∗
1

is not feasible. It must be that:
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h∗
1
(θ) =

θ

1 − θ

f − wph̄
w(1 + p)

> h̄ ⇐⇒ θ >
w(1 + p)h̄

f + wh̄
≡ θ1. (7)

So, for h∗
1
(θ) to be implementable, θ ∈ (θ1, 1), as in condition (ii), Result 2.

It is straightforward to show that these two feasibility regions do not overlap, as θ1 > θ0. By

simplifying the inequality:

w(1 + p)h̄
f + wh̄

>
wh̄

f + wh̄
⇐⇒ p > 0, (8)

which is true by assumption.

In the region where θ ∈ (θ0, θ1], neither of the interior solutions are feasible, and the hospital

ward must rely on the corner solution h∗ = h̄, as in condition (iii), Result 2.

Given these conditions, the optimal allocation of hours and workers is summed up in Result 3.

Figure B.1 illustrates the optimal allocation choices for each θ.

Result 3. The hospital ward chooses the following allocation of hours, depending on its type θ:

(
h∗(θ), N∗

(θ)

)
=



(
θ

1−θ
f
w , (1 − θ)

B
f

)
, θ ∈ (0, θ0],

(
h̄,

B
wh̄+f

)
, θ ∈ (θ0, θ1],

(
θ

1−θ
f −wph̄
w(1+p)

, (1 − θ)
B

f −wph̄

)
, θ ∈ (θ1, 1),

(9)

where θ0 =
wh̄

f +wh̄
and θ1 =

w(1+p)h̄
f +wh̄

.

B.3. Overtime Restrictions

In our model we assume overtime restrictions ban any shift length above the standard hours cap (h̄),

equivalent to a hard constraint h ≤ h̄ on the choices of hospital wards. Overtime allocations become

infeasible, making the cost schedule linear.

The implications are straightforward. For any ward that was using overtime

(
θ > wh̄

f +w(1+p)h̄

)
, the

new feasible allocation is attained by substituting from hours to workers until the budget constraint

binds. The change in the optimal policy of each θ ward is summarized in Result 4.

Result 4. With overtime restrictions (h ≤ h̄), the change in demand for hours and workers is given by:
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(∆h(θ),∆N (θ)) =



(0, 0), θ ∈ (0, θ0],

(0, 0), θ ∈ (θ0, θ1],(
h̄ − θ

1−θ
f −wph̄
w(1+p)

,
B[θ(f +wh̄)−w(1+p)h̄]

(f +wh̄)(f −wph̄)

)
, θ ∈ (θ1, 1),

(10)

where θ0 =
wh̄

f +wh̄
and θ1 =

w(1+p)h̄
f +wh̄

.

Proof. For those where

(
θ ≤ w(1+p)h̄

f +wh̄

)
, the optimal choice of hours is still within the cap constraint,

and wards have no incentive to change the optimal labor allocation. For those above the overtime

threshold the new optimal hours are given by h∗ = h̄, according to the hard constraint on hours.

Hours must fall (∆h(θ) < 0) as these wards were choosing hours above h̄ before overtime restrictions.

The new level of employment is such that the budget constraints binds, so:

N (f + wh̄) = B ⇐⇒ N∗
=

B
f + wh̄

, (11)

also independent of ward type θ. The change in employment is given by:

B
f + wh̄

− (1 − θ)

B
f − wph̄

=

B[θ(f + wh̄) − w(1 + p)h̄]

(f + wh̄)(f − wph̄)

. (12)

Notice that because in the overtime region where θ >
w(1+p)h̄

f +wh̄
, the change in employment after the

reform is always positive.

Figure B.1. Overtime Restrictions on Optimal Labor Allocations by θ

(a) Hours (h) (b) Workers (N )

Notes. The figure illustrates the change in optimal choice of hours (Panel A) and workers (Panel B) for fixed parameters {w, p, h̄, f }, along

different values of θ, in the model. The solid black line represent optimal labor demand decisions for each level of θ without constraints on

overtime allocations. The red dash line represents the optimal allocation after h < h̄ is imposed.
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C. Data

This section documents the restrictions on our main sample and how we construct our main vari-

ables using the data sources described in Section 3.1.

C.1. Sample Restrictions

Our main analysis dataset is an unbalanced panel of 424 hospital wards, 106 hospitals, covering

the period 1978 − 1986. To construct the main analysis sample, we impose a series of restrictions.

First, from the admission level data—with information on more than 8 million hospital admissions—we

construct our main variables at the ward level. Second, we drop wards specialized in Psychiatry, as

the complete information for these units are contained in the Psychiatric Central Register to which we

have no access. Second, based on the flow of admissions, we define whether a given hospital ward is

operating throughout the period. We define a ward to be always open if it is admitting patients between

June 1977 and June 1986.
25

We only include in the sample wards that are observed before 1982, and at

least once in the post-reform period (1982− 1986). Therefore, our analysis sample includes wards that

have at least one pre-reform and one post-reform year. Finally, we remove wards that are at the extreme

of the distribution of our dosage variable (share of unplanned admissions). We only include hospital

wards with a mix of planned and unplanned cases, thus excluding those that are only specialized in

acute care or only admit patients in an elective basis. Table 1 in Section 3.4 presents summary statistics

for this panel across time periods. To allay concerns with ward closures, we also construct a balanced

panel of units open throughout the entire period of analysis.

Labor Outcomes Samples.— We use archival data on posted and filled positions by physician career

stage at different levels of analysis (ward-by-year, specialty-by-year, and year). First, we exclude Psy-

chiatry wards for consistency with the sample restrictions on the health outcomes sample. Second,

we collapse this information at the specialty level and combine it with our main analysis sample, to

recover information on exposure to the reform. We restrict this new sample at the ward-by-specialty

level to include all specialties that can be identified in both data sources. The resulting sample includes

a total of 21 different medical specialties, covering the period 1978− 1986.
26

Our first stage analysis in

Section 5 uses this sample.

25
We allow the period of admission to start in 1977 to not capture wards that only start admitting patients in the beginning

of our sample period.

26
The specialties we include are: Anesthesiology, Clinical Oncology, Dermato-Venerology, Gastro Surgery, General

Surgery, Gynecology and Obstetrics, Internal Medicine, Cardiology, Gastroenterology, Geriatrics, Nephrology, Pul-

monary Diseases, Mixed Medicine, Neuro Surgery, Ophthalmology, Orthopedic Surgery, Otorhinolaryngology, Pedi-

atrics, Plastic Surgery, Thoracic Surgery, and Urology.

45



C.2. Main Variables

Hospital Admissions (Yit).— We consider an hospital admission each registered case in the patient-

level dataset. We identify two types of admissions. Planned admissions are booked in advance for a

specific date, typically after referral from a general practitioner or outpatient specialist. By contrast,

unplanned admissions refer to acute patients that arrive without prior booking, and are usually pro-

cessed through the emergency department, nondeferrable and requiring immediate care. Based on the

identification of the case as acute (akut) in the data, we categorize the admission as unplanned. During

our pre-reform period of analysis, patients whose admissions are unplanned—52% of the cases—are

almost 5 times more likely to die while in hospital and have 22% longer stays conditional on not dying.

Consistent with acute patient cases being unplanned, weekend or night admissions are 5 times more

likely to be acute (Section D, Figure 5). From the patient-level data, we then construct total hospital

admissions, unplanned, and planned admissions at the ward-by-year level.

Mortality Outcomes (Yit).— From patient and death registry data, we construct multiple measures of

mortality. We identify whether each patient dies in hospital or dies within d days of being discharged,

with d ∈ {30, 60, 366}. From the patient-level data we then aggregate at the ward-by-year level. First,

we construct total death counts, as well as by type of admission—planned or unplanned. Second, we

construct mortality rates as the number of patients dying within each horizon per thousand admitted

patients per year. We then computer mortality rates specific to each type of admission. Crucially,

in post-discharge mortality includes deaths that occur within hospital. Therefore, they include both

in-hospital and out-of-hospital deaths.

Age-Adjusted Outcomes (Yit).— Following Finkelstein et al. (2025), we adjust mortality outcomes by

the age distribution of the patients in each ward. We proceed as follows. First, we divide patients into

age bins, in intervals of 5 years, up until 89 years of age, with a last bin for those aged 90 or above. We

then compute mortality rates for each age bin in 1978, as well as the overall mortality rate in that year.

Then, for every ward in every year we compute the expected number of deaths given their patient

composition. The age-adjusted measure is just the ratio between actual deaths and expected deaths.

For consistency, we then multiply this by the overall mortality rate in 1978 to interpret results in terms

of deaths per thousand admissions.

Risk-Adjusted Outcomes (Yit).— Following Muñoz and Otero (2025), we extend the age adjustment

to take also into account the action diagnostic of each patient. We proceed as follows. As above, we

distribute patients into age bins, in intervals of 5 years, up until 89 years of age, with a last bin for

those aged 90 or above. We then distribute patients into one of the different Charlson comorbidity
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index prognostic groups (Charlson et al., 1987) based on the ICD-8 codes found in the registry data,

plus an additional residual group for all other medical conditions. Using data from 1978, we run logit

models to predict the death risk of each patient based on their age and diagnostic group. We then

aggregate these risk scores at the ward-year level to compute the number of expected deaths given the

distribution of patients. Similarly to above, we finally compute the risk-adjusted measure as just the

ratio between actual and expected deaths, multiplying it by the overall mortality rate in 1978.

Readmission Rates (Yit).— We measure readmission rates as the number of patients that are read-

mitted into a hospital ward within d days after discharge by every thousand admitted patients, with

d ∈ {14, 30, 60}. To be identified as a readmission, the patient should stay at least one day out of

hospital care after the date of discharge. Patients that are admitted into another hospital ward on the

date of discharge are coded as transfers and are not considered a readmission.

Length of Stay (Yit).— The duration of each case is computed as the number of days passed be-

tween admission and discharge from the focal hospital ward. From the patient-level data, we then

aggregate this variable to the ward-by-year level by taking the average length of stay over the number

of admissions.

Post-Reform Period (1{t ≥ 1982}).— The policy we study was fully implemented in 1982, with a

transition period in the last 3 months of 1981 (see Section 2). Throughout the main analysis, we identify

all observations from 1982 onward as post-reform.

Physicians (Lit,Lst).— For our first-stage empirical analysis, we characterize the labor demand

shock at different levels. In our main analysis in Section 5, we link our dosage variable (a ward’s

unplanned admission share) with digitized archival data on the number of posted positions at the spe-

cialty level (specialty-specific labor demand in a year, Lst ). We supplement our main analysis with

ward-level descriptive evidence presented in Appendix E.
27

Exposure to the Reform (Di).— In our research design, we exploit differences in reform intensity by

hospital ward (see Section 4). We construct different versions of this variable at the ward level. For

parsimony, our preferred exposure variable is the share of unplanned admissions pre-reform, measured

in a single pre-reform year (t = 1980)
28

. We also test our design by using alternative predictors for

the change in labor demand. First, we use both the share of weekend and night admissions by hospital

ward. Second, to capture medium to long-term scheduling uncertainty, we compute the mean of the

standard deviation of these exposure variables across weeks, within t = 1980, for each hospital ward.

27
As of now, we cannot link this source of unidentified ward-level data with the patient registers.

28
Figure D.2a shows the distribution of this variable across hospital wards. We set t = 1980 to not be confounded by any

anticipation. In Appendix D we show that the concentration of unplanned admissions varies substantially across wards

but not across years, within wards.
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We then use a latent variable from a combination of all these exposure variables, predictive of labor

demand change across reform periods. Appendix D provides further detail on each of these variables

and their relationship.
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D. Identifying Variation

In this section we document the variation in the pre-reform share of unplanned admissions, our

main proxy of overtime need. We also characterize the variation for alternative proxies for overtime

need, used in robustness checks.

Variance Decomposition.— What explains variation in unplanned admissions across wards and across

time? To what extent can these characteristics be attributed to production function characteristics of

the wards relative to local demand characteristics? To shed light on this question we run a Shapley-

Owen decomposition (Huettner and Sunder, 2012; Israeli, 2007) on the pre-reform share of unplanned

admissions (Dit ) varying at the ward-by-year level (1978-1981).

We start by running regressions of our overtime need proxies on different combinations of fixed

effects. Each set of fixed effects relates to a specific level of variation. We consider four specific levels:

ward (i), year (t), specialty (s), and county (c). Then, for each regression, we compute how much the

adjusted R2
changes when excluding the fixed effects for a specific level of variation j. Based on this

information we can gauge the relative importance of each level of variation.

Table D.1 presents the partial R2
for each level of variation j, and for three different proxies of over-

time need: share of unplanned (Cols. 1-3), share of weekend (Cols. 4-6), and share of night admissions

(Cols. 7-9). Columns 1, 4 and 7 present partial adjusted R2
for specifications including only ward and

year fixed effeccts. Columns 2, 5, and 8 include year and specialty fixed effects. Finally Columns 3, 6

and 9 include year, specialty, and county fixed effects.

Our Shapley-Owen decomposition exercise shows that most of the variation comes from differ-

ences across wards (i), rather than across years (t) (Table D.1, Cols. 1, 4, and 7). Ward fixed effects

explain about 94% of the variation in the share of unplanned admissions, with this variable being rel-

atively stable across years. A large portion of differences across wards is driven by differences in the

type of healthcare provided. About 60% of the variation in our proxies of pre-reform overtime need

are explained by the main specialty of the ward (s), rather than across years or across local healthcare

demand (c).

Alternative Measures of Overtime Need.— In Section 6.5 we run robustness specifications where we

use alternative definitions of overtime need. Instead of exploiting variation on the concentration of

unplanned admissions, we use variation in the share of night and weekend admissions. Figure D.2

shows the distribution of each of these variables.

A relevant concern is whether wards with high concentrations of unplanned, weekend, or night

admissions also have relatively lower variance in unplanned admissions across time. High-mean, low-

variance in unplanned admissions could mean that some wards could prefer to employ more shifts to
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Table D.1. Shapley-Owen Variance Decomposition (1978-1981)

Partial R2

Share Unplanned Share Weekend Share Night

Level of Variation (1) (2) (3) (4) (5) (6) (7) (8) (9)

Ward (i) 0.939 – – 0.953 – – 0.922 – –

Year (t) 0.001 0.001 0.001 0.00 0.00 0.00 0.00 0.00 0.00

Specialty (s) – 0.6 0.599 – 0.616 0.616 – 0.53 0.524

County (c) – – 0.049 – – 0.014 – – 0.058

All 0.94 0.6 0.649 0.953 0.616 0.63 0.922 0.53 0.581

Notes. The table presents a Shapley-Owen variance decomposition of the adjusted R2
of a regression of time-varying proxies of overtime need

pre-reform into different sets of fixed effects. The method is detailed in the text of Appendix D. The dependent variables of each regression

are the share of unplanned admission (Columns 1-3), the share of weekend admissions (Columns 4-6), and the share of night admissions

(Columns 7-9). The sample includes all hospital wards with at least one observation in each reform period (see Section C.1 for more details),

while only using information from the pre-reform period (1978-1981). All reports the adjusted R2
of a regression that includes all sets of

fixed effects in that specification.

Figure D.2. Distributions of Overtime Need Proxies

(a) Unplanned Admissions (b) Weekend Admissions (c) Night Admissions

Notes. The figure presents histograms of our alternative overtime need proxies at the hospital ward level (Di). For privacy protection reasons,

the last bin of the histograms on the share of weekend admissions (Panel A) and the night admissions (Panel B) includes wards at or above

that particular value of the variable, so that at least 5 wards are counted in each bin of the histogram.

deal with high yet predictable unplanned demand, rather than using overtime. However, in Section 5

we show evidence which is not consistent with this hypothesis.

To further allay concerns, we compute a within-year standard deviation of week-level concentra-

tions of unplanned, night, and weekend admissions for each ward. Table D.2 shows correlations be-

tween all these variables pre-reform. If anything, there seems to be a positive correlation between the

share of unplanned admissions and uncertainty in weekend and night admissions. The correlation be-

tween the share of unplanned admissions and its weekly uncertainty across the year is slightly negative

and close to zero (ρ = −0.107), as wards closer to the extreme of the distribution have no within-year

variation in this variable. On the other hand, correlations between the concentration of unplanned

admissions and both weekend (ρ = 0.724) and night admissions (ρ = 0.519) are strong (Figures D.3a-b).

Likewise, wards with higher concentrations of unplanned admissions also have higher within-year

uncertainty in the share of weekend admissions (ρ = 0.304) and night admissions (ρ = 0.282).
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Table D.2. Correlation between Proxies of Overtime Need

Variables Share Unplanned Share Weekend Share Night SD Unplanned SD Weekend SD Night

Share Unplanned 1.000 – – – – –

Share Weekend 0.724 1.000 – – – –

Share Night 0.519 0.769 1.000 – – –

SD Unplanned -0.107 -0.306 -0.403 1.000 – –

SD Weekend 0.304 0.420 0.164 0.336 1.000 –

SD Night 0.282 0.306 0.351 0.248 0.643 1.000

Notes. The table presents Pearson correlation estimates between six different proxies of overtime need, measured in t = 1980. The sample

includes all hospital wards with at least one observation in each reform period (see Section C.1 for more details).

Figure D.3. Correlations between Overtime Need Proxies

(a) Weekend - Unplanned (b) Night - Unplanned

(c) Weekend Uncertainty - Unplanned (d) Night Uncertainty - Unplanned

Notes. The figure documents local polynomial estimates of the relationship between different proxies of overtime need at the hospital ward

level. The sample includes all hospital wards with at least one observation in each reform period (see Section C.1 for more details).

E. Overtime Restrictions and Labor Demand

E.1. Overall Change in Labor Demand

Here we document descriptive evidence on the increase in labor demand across time periods, at the

ward level. Relying on archival data on the number of posted positions by hospital ward (see Section
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3), we run the following pre-post specification:

Lit = α + λi + η1{t ≥ 1982} + εit , (13)

where Lit are different definitions of labor demand in levels, and hospital ward fixed effects (λi)

absorb time-invariant differences across wards. We use all years for which we have information at

the ward level (1979-1983).
29

The estimated η̂ identifies the overall change across reform periods. We

estimate Equation 13 through OLS and cluster the standard errors at the hospital level.

Table E.3 reports the main coefficients of this analysis. With the introduction of the overtime

restrictions reform, hospital wards post an average of 3.68 new positions (Column 1, 95% C.I.: 3.39; 3.97).

This corresponds to an increase of 36% over the pre-reform mean of 10.2 physician positions in each

ward. The increase is driven by labor demand for subordinate physicians, for which there are 3.47 new

positions post-reform (Column 2, 95% C.I.: 3.2; 3.74), a surge of 45%.

Table E.3. Labor Demand and Bed Capacity (1979-1983)

Total Physicians Sub. Physicians Sub. Physicians / 100 Beds Hospital Beds

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

1{t ≥ 1982} 3.68 3.47 8.08 -2.26

(0.148) (0.134) (1.378) (0.769)

[3.39,3.97] [3.20,3.74] [5.35,10.81] [-3.79,-0.74]

Observations 2,180 2,180 2,180 2,180

Hospital Wards 465 465 465 465

Mean Dep. Var. Pre-Reform 10.17 7.75 16.11 66.76

Post-Reform Mean 14.04 11.39 24.72 65.23

Notes. The data is drawn from statistical yearbooks, and includes all hospital wards in operating in the country between 1979 and 1983,

excluding psychiatry wards. The table presents the change in the total number of positions open by type of physician (Columns 1 and 2)

after the reform, as well as the change in subordinate physicians by 100 hospital beds (Column 3) and total bed capacity in hospital wards

(Column 4). Regressions include hospital ward fixed effects. 95% confidence intervals for standard errors clustered at the hospital level are

presented in between brackets.

In Columns 3 and 4 of Table E.3, we examine labor demand change in the context of each ward’s

healthcare supply capacity. Specifically, we use information on the number of beds in each hospital

ward. Prior to the reform, there is an average of 16 subordinate physician positions for every 100 beds.

After the reform, this increases by more than 8 (Column 3, 95% C.I.: 5.35; 10.81), to almost 25 such

positions by 100 beds. The change in this ratio is partly driven by consolidation in the number of beds

throughout the period, as wards decreased their bed capacity by 2.23 over a pre-reform baseline of 66.8

(Column 4, 95% C.I.: −3.79;−0.74).

Figure E.4 reports coefficients of event study versions of Equation 13, using 1981 as the reference

29
In a future version of the paper, we will also include data for our entire period of analysis (1978-1986), as statistical

books for the remaining years are still pending scanning and digitization.
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Figure E.4. Labor Demand Change

(a) Positions for Sub. Phys. (b) Positions for Sub. Phys. by 100 Beds

Notes. The data is drawn from statistical yearbooks, and includes all hospital wards in operating in the country between 1979 and 1983,

excluding psychiatry wards. The figure documents the change in labor demand relative to one year prior to the reform, using an event study

version of Equation 13. Panel A presents the overall change in subordinate physicians at the hospital ward level. Panel B depicts the change

in subordinate physicians by 100 hospital beds. The dashed vertical lines indicate onset of the new working-hour system.

period. Both panels highlight the discontinuous change in demand for subordinate physicians in the

first post-reform year. Moreover, overtime restrictions were introduced after a relatively stable period

in hiring. Overall, this evidence is consistent with other descriptive statistics in Section 3, and the

prediction of our theoretical model (Hypothesis 1).

E.2. Effects on the Labor Market

Table E.4 shows that a one standard deviation difference in pre-reform unplanned admissions (23

p.p.) raises the number of posted positions by 31.1 (Column 1, C.I.: 16.1; 46) post-reform. Over a

baseline of 176.5 open positions by specialty pre-reform, this corresponds to a 17% change per standard

deviation across time periods.

Figure E.5 further illustrates our findings, by plotting the relationship between our proxy of over-

time need and the the percent growth in posted positions between 1981 and 1983. It shows the fitted

line from a weighted least squares regression, with weights given by the number of posted positions

in 1981, as well as specialties with more than 50 positions pre-reform.
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Table E.4. Effects on the Labor Market (1978-1984)

Posted Positions Occupied Positions

(1) (2)

1{t ≥ 1982} × Ds 31.05 23.48

(7.564) (6.358)

[16.10,45.99] [10.92,36.04]

R-Squared 0.968 0.974

Observations 181 181

Nr. of Specialties 21 21

Mean Dep. Var. Pre-Reform 176.5 174.3

Mean Ds 0.46 0.46

S.D. Ds 0.23 0.23

Specialty FE Yes Yes

Year FE Yes Yes

Notes. The table present estimates of β in Equation 2 for regressions at the specialty-by-year level. The sample includes all specialties that

can be merged between the archival data on labor market positions and admission registries (see Section C.1 for more details). Ds is the

standardized share of unplanned admissions in each specialty s, in 1980. 95% confidence intervals, computed from robust standard errors (in

parentheses) are presented between brackets.

Figure E.5. Change in Labor Demand (1981 − 1983) by Share of Unplanned Admissions

Notes. The figure shows the relationship between the share of unplanned admissions in each specialty (1980-1981) and the percent change

in labor demand between 1981 and 1983. It plots and labels the position of each specialty. Only specialties with more than 50 available

positions are presented. The dashed line represents the fitted line from a weighted least squares regression at the specialty level of the

percent change in labor demand on share of unplanned admissions, with weights given by the number of positions in the specialty in 1980-

1981. All specialties, even those not presented in the figure, are included in the regression. The figure also presents the Pearson correlation

between the two variables and the R2
of the regression.
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F. Additional Tables

Table F.5. Broad Specialty Groupings in Figure 4

Specialty Group Specialties Included

Surgery Anesthesiology; General surgery; Gastro-Intestinal surgery; Hospital dentistry / oral surgery;

Neurosurgery; Orthopaedic surgery; Plastic surgery; Thoracic surgery; Vascular surgery; Urology;

Otorinolaryngologie; Ophthalmology; Gynecology and Obstetrics

Internal Medicine Allergology; Cardiology; Endocrinology; Gastroenterology; Geriatrics;

Haematology; Infectious diseases; Internal medicine; Long-term care medicine; Medical oncology;

Nephrology; Neurology; Paediatrics; Pulmonology; Rheumatology; Tropical medicine

Paraclinical Clinical biochemistry; Clinical immunology; Clinical microbiology;

Clinical neurophysiology; Clinical physiology and nuclear medicine; Diagnostic radiology;

Pathology; Physical medicine and rehabilitation; Radiation oncology; Transfusion medicine

Other Dermatology & venereology; Public and occupational medicine; Public and social medicine

Notes. The table presents the four broad specialty groupings used to construct Figure 4 in Section 3.4. The table includes all the specialties

in the digitized statistical yearbooks.

Table F.6. Specialty Groupings for Regressions

Specialty Group Specialties Included

Internal Medicine (General) Internal Medicine

Internal Medicine (Specialties) Geriatrics; Hepatology; Hematology; Infectious Diseases; Cardiology; Endocrinology;

Gastroenterology; Pulmonology; Nephrology; Rheumatology; Dermatology; Neurology;

Oncology; Physiatry

General Surgery General Surgery

Specialized Surgery Vascular Surgery; Gastro Surgery; Plastic Surgery; Cardiothoracic Surgery; Urology;

Neurosurgery; Orthopedic Surgery; Ophthalmology; Otorhinolaryngology; Maxillofacial Surgery

Gynecology and Obstetrics Gynecology and Obstetrics

Other Specialties Pediatrics; Anesthesiology; Mixed Medicine and Surgery; Unclassified

Notes. The table presents the six specialty groupings used to construct year-by-specialty-group fixed effects. The table includes all the

specialties in the registry data of hospitalizations. For instance, paraclinical specialties are not included.
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Table F.7. In-Hospital Mortality Effects

In-hospital Mortality Rate

(1) (2) (3)

Panel A: All Admissions

1{t ≥ 1982} × Di -2.45 -2.39 -1.32

(0.617) (0.629) (0.605)

[-3.67,-1.24] [-3.63,-1.16] [-2.51,-0.13]

R-Squared 0.962 0.966 0.962

Mean Dep. Var. 34.08 34.08 34.08

Panel B: Unplanned Admissions

1{t ≥ 1982} × Di -5.53 -5.93 -2.25

(1.262) (1.187) (1.954)

[-8.01,-3.05] [-8.26,-3.59] [-6.09,1.59]

R-Squared 0.944 0.951 0.946

Mean Dep. Var. 58.00 58.00 58.00

Panel C: Planned Admissions

1{t ≥ 1982} × Di -1.02 -1.16 -1.18

(0.520) (0.589) (0.558)

[-2.05,-0.00] [-2.32,-0.00] [-2.28,-0.08]

R-Squared 0.807 0.814 0.813

Mean Dep. Var. 9.87 9.87 9.87

Observations 2,911 2,911 2,911

Nr. of Wards 424 424 424

Mean Exposure Var. 0.48 0.48 0.48

S.D. Exposure Var. 0.25 0.25 0.25

Hospital Ward FE Yes Yes Yes

Year FE Yes No No

Year X County FE No Yes No

Year X Specialty FE No No Yes

Notes. The table presents estimates of β in Equation 2 and variations. Di is the standardized share of unplanned admissions in each ward

i, in 1980. The dependent variable is in-hospital mortality rates measured in per thousand patient admissions. Each panel corresponds to

a different set of patient admissions: all (Panel A), unplanned (Panel B), and planned (Panel C). Each column uses a different set of fixed

effects, displayed in the table. All observations are weighted by the total number of admissions (Panel A), unplanned admissions (Panel B),

and planned admissions (Panel C) in each ward in 1981. 95% confidence intervals, computed from robust standard errors clustered at the

hospital ward level (in parentheses) are presented between brackets.
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Table F.8. In-Hospital Mortality Effects - Log Specification

Ln In-hospital Mortality Rate

(1) (2) (3)

Panel A: All Admission Types

1{t ≥ 1982} × Di -0.049 -0.054 -0.030

(0.0213) (0.0208) (0.0251)

[-0.091,-0.007] [-0.095,-0.013] [-0.080,0.019]

R-Squared 0.967 0.970 0.968

Observations 2,707 2,707 2,707

Nr. of Wards 412 412 412

Mean Dep. Var. Pre-Reform (No Log) 34.94 34.94 34.94

Mean Exposure Var. 0.50 0.50 0.50

S.D. Exposure Var. 0.25 0.25 0.25

Panel B: Unplanned Admissions

1{t ≥ 1982} × Di -0.071 -0.082 -0.030

(0.0205) (0.0222) (0.0256)

[-0.111,-0.031] [-0.126,-0.039] [-0.080,0.021]

R-Squared 0.964 0.967 0.966

Observations 2,526 2,526 2,526

Nr. of Wards 386 386 386

Mean Dep. Var. Pre-Reform (No Log) 60.42 60.42 60.42

Mean Exposure Var. 0.53 0.53 0.53

S.D. Exposure Var. 0.23 0.23 0.23

Panel C: Planned Admissions

1{t ≥ 1982} × Di -0.060 -0.080 -0.041

(0.0395) (0.0410) (0.0408)

[-0.138,0.018] [-0.161,0.001] [-0.121,0.039]

R-Squared 0.876 0.886 0.880

Observations 2,440 2,440 2,440

Nr. of Wards 396 396 396

Mean Dep. Var. Pre-Reform (No Log) 10.92 10.92 10.92

Mean Exposure Var. 0.50 0.50 0.50

S.D. Exposure Var. 0.24 0.24 0.24

Hospital Ward FE Yes Yes Yes

Year FE Yes No No

Year X County FE No Yes No

Year X Specialty FE No No Yes

Notes. The table presents estimates of β in Equation 2 and variations, with the dependent variable being in-hospital mortality rates in logs.

Di is the standardized share of unplanned admissions in each ward i, in 1980. The coefficients are interpreted in terms of log changes. Each

panel corresponds to a different set of patient admissions: all (Panel A), unplanned (Panel B), and planned (Panel C). All observations are

weighted by the total number of admissions (Panel A), unplanned admissions (Panel B), and planned admissions (Panel C) in each ward in

1981. 95% confidence intervals, computed from robust standard errors clustered at the hospital ward level (in parentheses) are presented

between brackets.
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Table F.9. In-Hospital Mortality Effects with Poisson QMLE

In-hospital Mortality Rate

(1) (2) (3)

Panel A: All Admission Types

1{t ≥ 1982} × Di -0.037 -0.031 -0.027

(0.0169) (0.0188) (0.0192)

[-0.070,-0.004] [-0.068,0.006] [-0.064,0.011]

Mean Dep. Var. 34.08 34.08 34.08

Panel B: Unplanned Admissions

1{t ≥ 1982} × Di -0.072 -0.082 -0.041

(0.0248) (0.0236) (0.0344)

[-0.120,-0.023] [-0.128,-0.036] [-0.108,0.027]

Mean Dep. Var. 58.00 58.00 58.00

Panel C: Planned Admissions

1{t ≥ 1982} × Di -0.017 -0.001 -0.095

(0.0336) (0.0316) (0.0449)

[-0.082,0.049] [-0.063,0.060] [-0.183,-0.007]

Mean Dep. Var. 9.87 9.87 9.87

Observations 2,911 2,911 2,911

Nr. of Wards 424 424 424

Mean Exposure Var. 0.48 0.48 0.48

S.D. Exposure Var. 0.25 0.25 0.25

Hospital Ward FE Yes Yes Yes

Year FE Yes No No

Year X County FE No Yes No

Year X Specialty FE No No Yes

Notes. The table presents estimates of β in Equation 2 and variations, using Poisson quasi-maximum likelihood estimation. Di is the

standardized share of unplanned admissions in each ward i, in 1980. The dependent variable is in-hospital mortality rates. The coefficients

are interpreted in terms of log changes. Each panel corresponds to a different set of patient admissions: all (Panel A), unplanned (Panel B),

and planned (Panel C). All observations are weighted by the total number of admissions (Panel A), unplanned admissions (Panel B), and

planned admissions (Panel C) in each ward in 1981. 95% confidence intervals, computed from robust standard errors clustered at the hospital

ward level (in parentheses) are presented between brackets.
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Table F.10. Patient-Level Analysis: In-hospital Mortality

1{Dies in Hospital} × 1000

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

Panel A: All Admission Types

1{t ≥ 1982} × Di -2.15 -2.19 -0.90 -2.41

(0.629) (0.652) (0.593) (0.578)

[-3.39,-0.92] [-3.47,-0.91] [-2.07,0.26] [-3.55,-1.27]

R-Squared 0.043 0.043 0.043 0.071

Observations 5,652,711 5,652,711 5,652,711 5,652,711

Mean Dep. Var. 33.5 33.5 33.5 33.5

Mean Exposure Var. 0.51 0.51 0.51 0.51

S.D. Exposure Var. 0.23 0.23 0.23 0.23

Panel B: Unplanned Admissions

1{t ≥ 1982} × Di -4.59 -5.06 -0.67 -4.61

(1.084) (1.047) (1.291) (1.017)

[-6.72,-2.46] [-7.11,-3.00] [-3.21,1.87] [-6.61,-2.61]

R-Squared 0.044 0.044 0.044 0.079

Observations 2,935,468 2,935,468 2,935,468 2,935,468

Nr. of Wards 424 424 424 424

Mean Dep. Var. 57.0 57.0 57.0 57.0

Mean Exposure Var. 0.60 0.60 0.60 0.60

S.D. Exposure Var. 0.21 0.21 0.21 0.21

Panel C: Planned Admissions

1{t ≥ 1982} × Di -0.63 -0.87 -0.36 -0.74

(0.457) (0.489) (0.443) (0.423)

[-1.53,0.26] [-1.83,0.09] [-1.23,0.51] [-1.57,0.09]

R-Squared 0.023 0.023 0.023 0.033

Observations 2,717,243 2,717,243 2,717,243 2,717,243

Nr. of Wards 424 424 424 424

Mean Dep. Var. 9.8 9.8 9.8 9.8

Mean Exposure Var. 0.41 0.41 0.41 0.41

S.D. Exposure Var. 0.20 0.20 0.20 0.20

Hospital Ward FE Yes Yes Yes Yes

Year FE Yes No No Yes

Year X County FE No Yes No No

Year X Specialty FE No No Yes No

Age Bin FE No No No Yes

Notes. The sample includes all admissions in hospital wards with at least one observation in each reform period (see Section C.1 for more

details). Di is the standardized share of unplanned admissions in each ward i, in 1980. The dependent variable is an indicator of whether

the admission results in death in the hospital, multiplied by 1000 so that results are interpreted per thousand admissions. Specifications

in each of the columns use a different set of fixed effects. Column 1 reproduces the estimates of β in Equation 2 at the level of individual

admissions. Columns 2 and 3 use year-by-county and year-by-specialty fixed effects, respectively. Column 4 uses our preferred specification

with added age bin fixed effects. Each panel correspond to regressions in different types of admissions: all (Panel A), unplanned (Panel B),

and planned (Panel C). We present the mean of the dependent variable pre-reform. 95% confidence intervals, computed from robust standard

errors clustered at the hospital ward level (in parentheses) are presented between brackets.
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Table F.11. Effects of the Reform on Total Patient Admissions

Total Admissions

(1) (2) (3)

Panel A: All Admission Types

1{t ≥ 1982} × Di 57.63 50.23 45.26

(17.846) (19.256) (23.727)

[22.55,92.71] [12.38,88.08] [-1.38,91.89]

R-Squared 0.958 0.961 0.959

Mean Dep. Var. 1879.61 1879.61 1879.61

Panel B: Unplanned Admissions

1{t ≥ 1982} × Di 23.41 23.32 1.90

(18.095) (17.468) (17.663)

[-12.16,58.98] [-11.01,57.66] [-32.81,36.62]

R-Squared 0.937 0.942 0.942

Mean Dep. Var. 945.12 945.12 945.12

Panel C: Planned Admissions

1{t ≥ 1982} × Di 34.22 26.91 43.35

(18.260) (18.057) (19.208)

[-1.68,70.11] [-8.59,62.40] [5.60,81.11]

R-Squared 0.942 0.946 0.944

Mean Dep. Var. 934.49 934.49 934.49

Mean Exposure Var. 0.48 0.48 0.48

S.D. Exposure Var. 0.25 0.25 0.25

Hospital Ward FE Yes Yes Yes

Year FE Yes No No

Year X County FE No Yes No

Year X Specialty FE No No Yes

Notes. The table presents estimates of β in Equation 2. The sample includes all hospital wards with at least one observation in each reform

period (see Section C.1 for more details). Di is the standardized share of unplanned admissions in each ward i, in 1980. The dependent

variable is total admissions in each ward. Each column presents a specification with different sets of fixed effects. Each panel correspond to

regressions in different types of admissions: all (Panel A), unplanned (Panel B), and planned (Panel C). We present the mean of the dependent

variable pre-reform. 95% confidence intervals, computed from robust standard errors clustered at the hospital ward level (in parentheses)

are presented between brackets.
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Table F.12. Effects of the Reform on Total Deaths in Hospital

Total Deaths

(1) (2) (3)

Panel A: All Admission Types

1{t ≥ 1982} × Di 2.45 2.31 0.40

(1.120) (1.098) (1.036)

[0.25,4.65] [0.15,4.47] [-1.63,2.44]

R-Squared 0.964 0.966 0.965

Mean Dep. Var. Pre-Reform 63.02 63.02 63.02

Panel B: Unplanned Admissions

1{t ≥ 1982} × Di 2.53 2.54 0.16

(1.099) (1.064) (0.959)

[0.37,4.69] [0.45,4.63] [-1.72,2.05]

R-Squared 0.963 0.965 0.965

Mean Dep. Var. Pre-Reform 53.84 53.84 53.84

Panel C: Planned Admissions

1{t ≥ 1982} × Di -0.08 -0.23 0.24

(0.265) (0.296) (0.312)

[-0.61,0.44] [-0.81,0.35] [-0.38,0.85]

R-Squared 0.848 0.861 0.851

Mean Dep. Var. Pre-Reform 9.19 9.19 9.19

Mean Exposure Var. 0.48 0.48 0.48

S.D. Exposure Var. 0.25 0.25 0.25

Hospital Ward FE Yes Yes Yes

Year FE Yes No No

Year X County FE No Yes No

Year X Specialty FE No No Yes

Notes. The table presents estimates of β in Equation 2. The sample includes all hospital wards with at least one observation in each reform

period (see Section C.1 for more details). Di is the standardized share of unplanned admissions in each ward i, in 1980. The dependent variable

is total deaths in each ward. Each column presents a specification with different sets of fixed effects. Each panel correspond to regressions

in different types of admissions: all (Panel A), unplanned (Panel B), and planned (Panel C). We present the mean of the dependent variable

pre-reform. We present the mean of the dependent variable pre-reform. 95% confidence intervals, computed from robust standard errors

clustered at the hospital ward level (in parentheses) are presented between brackets.
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Table F.13. Effects of the Reform on Age-Adjusted Mortality Rates

Age-adjusted Mortality Rates

In-hospital 30-days 1-year

(1) (2) (3)

Panel A: All Admissions

1{t ≥ 1982} × Di -2.05 -1.87 -2.64

(0.439) (0.574) (1.268)

[-2.91,-1.19] [-3.00,-0.75] [-5.13,-0.14]

R-Squared 0.922 0.927 0.929

Mean Dep. Var. Pre-Reform 27.92 40.76 93.95

Panel B: Unplanned Admissions

1{t ≥ 1982} × Di -4.03 -3.93 -3.02

(1.001) (1.188) (2.594)

[-6.00,-2.06] [-6.26,-1.60] [-8.12,2.08]

R-Squared 0.914 0.920 0.917

Mean Dep. Var. Pre-Reform 58.59 80.11 146.12

Panel C: Planned Admissions

1{t ≥ 1982} × Di -0.59 -0.56 -1.91

(0.150) (0.249) (0.718)

[-0.88,-0.29] [-1.05,-0.07] [-3.32,-0.50]

R-Squared 0.922 0.927 0.936

Mean Dep. Var. Pre-Reform 6.88 12.45 51.88

Observations 2,911 2,911 2,911

Nr. of Wards 424 424 424

Mean Exposure Var. 0.48 0.48 0.48

S.D. Exposure Var. 0.25 0.25 0.25

Notes. The table presents estimates of β in Equation 2 for age-adjusted mortality rates. The sample includes all hospital wards with at least

one observation in each reform period (see Section C.1 for more details). Di is the standardized share of unplanned admissions in each

ward i, in 1980. Each column refers to a different measure of patient mortality, measured per thousand admissions: in-hospital (Column 1),

30-day (Column 2), and 1-year (Column 3). Mortality rates are age-adjusted by scaling observed deaths by the expected number of deaths

implied by the ward-specific age composition of admitted patients, and rescaled by the overall mortality rate in 1978. Panel A presents

results for all admissions, while Panels B and C show estimates among unplanned and planned admissions, respectively. All observations

are weighted by the total number of admissions (Panel A), unplanned admissions (Panel B), or planned admissions (Panel C) in 1981. The

mean of the dependent variable is computed pre-reform and similarly weighted. 95% confidence intervals, computed from robust standard

errors clustered at the hospital ward level (in parentheses) are presented between brackets.
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Table F.14. Effects of the Reform on Risk-Adjusted Mortality Rates

Risk-Adjusted In-hospital Mortality Rate

(1) (2) (3)

Panel A: All Admission Types

1{t ≥ 1982} × Di -1.19 -1.35 -0.61

(0.415) (0.445) (0.565)

[-2.00,-0.37] [-2.23,-0.48] [-1.72,0.50]

R-Squared 0.898 0.907 0.902

Mean Dep. Var. Pre-Reform 27.68 27.68 27.68

Panel B: Unplanned Admissions

1{t ≥ 1982} × Di -1.85 -2.53 2.24

(1.292) (1.240) (2.142)

[-4.39,0.69] [-4.97,-0.09] [-1.97,6.45]

R-Squared 0.856 0.867 0.862

Mean Dep. Var. Pre-Reform 75.12 75.12 75.12

Panel C: Planned Admissions

1{t ≥ 1982} × Di -0.15 -0.13 -0.48

(0.214) (0.299) (0.294)

[-0.57,0.27] [-0.72,0.46] [-1.06,0.09]

R-Squared 0.468 0.477 0.478

Mean Dep. Var. Pre-Reform 3.27 3.27 3.27

Observations 2,911 2,911 2,911

Nr. of Wards 424 424 424

Mean Exposure Var. 0.48 0.48 0.48

S.D. Exposure Var. 0.25 0.25 0.25

Hospital Ward FE Yes Yes Yes

Year FE Yes No No

Year X County FE No Yes No

Year X Specialty FE No No Yes

Notes. The table presents estimates of β in Equation 2. The sample includes all hospital wards with at least one observation in each reform

period (see Section C.1 for more details). Di is the standardized share of unplanned admissions in each ward i, in 1980. The dependent

variable is the risk-adjusted in-hospital mortality rate, as described in the main text. It is the ratio between actual deaths and expected

deaths given the patient case-mix, multiplied by the overall in-hospital mortality rate in 1978. Each column presents a specification with

different sets of fixed effects. Each panel correspond to regressions in different types of admissions: all (Panel A), unplanned (Panel B), and

planned (Panel C). We present the mean of the dependent variable pre-reform. We present the mean of the dependent variable pre-reform.

95% confidence intervals, computed from robust standard errors clustered at the hospital ward level (in parentheses) are presented between

brackets.
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Table F.15. Effects on Patient Mortality and Readmission Rates, Balanced Sample

Mortality Rate Readmission Rate

In-hospital 30-days 1-year 30-days

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

Panel A: All Admissions

1{t ≥ 1982} × Di -2.45 -2.21 -1.19 -3.01

(0.651) (0.723) (1.040) (2.424)

[-3.73, -1.17] [-3.63, -0.79] [-3.24, 0.85] [-7.78, 1.75]

R-Squared 0.963 0.969 0.982 0.920

Mean Dep. Var. 34.16 48.44 106.89 98.02

Panel B: Unplanned Admissions

1{t ≥ 1982} × Di -5.65 -6.76 -6.58 0.99

(1.349) (1.662) (1.851) (1.838)

[-8.30, -2.99] [-10.02, -3.49] [-10.22, -2.94] [-2.63, 4.60]

R-Squared 0.946 0.953 0.972 0.796

Mean Dep. Var. 58.58 79.53 150.03 96.42

Panel C: Planned Admissions

1{t ≥ 1982} × Di -1.35 -1.18 -0.00 -2.06

(0.493) (0.699) (1.259) (4.534)

[-2.32, -0.38] [-2.55,0.20] [-2.48,2.47] [-10.98, 6.85]

R-Squared 0.847 0.960 0.962 0.928

Mean Dep. Var. 9.74 16.82 62.97 99.18

Observations 2,702 2,702 2,702 2,702

Nr. of Wards 386 386 386 386

Mean Exposure Var. 0.49 0.49 0.49 0.49

S.D. Exposure Var. 0.24 0.24 0.24 0.24

Notes. The table presents estimates of β in Equation 2. The sample includes all hospital wards admitting patients throughout the entire

period (1978-1984). Di is the standardized share of unplanned admissions in each ward i, in 1980. Each column refers to a different dependent

variable, measured per thousand admissions. Columns 1-3 present estimates for regressions where in-hospital, 30-day post-discharge, and

1-year post-discharge mortality are the dependent variables. Column 4 reports results for 30-day readmission rates after discharge. All

observations are weighted by the total number of admissions (Panel A), unplanned admissions (Panel B), and planned admissions (Panel C)

in each ward in 1981. We present the weighted mean of the dependent variable pre-reform. 95% confidence intervals, computed from robust

standard errors clustered at the hospital ward level (in parentheses) are presented between brackets.
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Table F.16. Effects on Patient Mortality and Readmission Rates, Without GynOb Wards

Mortality Rate Readmission Rate

In-hospital 30-days 1-year 30-days

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

Panel A: All Admissions

1{t ≥ 1982} × Di -2.74 -2.78 -2.45 -4.37

(0.739) (0.833) (1.246) (3.014)

[-4.19, -1.28] [-4.41,-1.14] [-4.90,-0.00] [-10.30,1.55]

R-Squared 0.955 0.962 0.976 0.924

Mean Dep. Var. 41.42 58.71 129.05 100.64

Panel B: Unplanned Admissions

1{t ≥ 1982} × Di -6.23 -7.99 -9.24 2.70

(1.530) (1.952) (2.112) (1.900)

[-9.23, -3.22] [-11.83,-4.15] [-13.39,-5.09] [-1.03,6.44]

R-Squared 0.941 0.942 0.965 0.803

Mean Dep. Var. 65.76 90.16 169.69 95.78

Panel C: Planned Admissions

1{t ≥ 1982} × Di -0.91 -0.61 0.46 -7.23

(0.653) (0.897) (1.594) (5.354)

[-2.20, 0.37] [-2.38,1.15] [-2.68,3.59] [-17.76,3.30]

R-Squared 0.792 0.829 0.949 0.935

Mean Dep. Var. 12.75 21.66 81.15 105.90

Observations 2,628 2,628 2,628 2,628

Nr. of Wards 383 383 383 383

Mean Exposure Var. 0.50 0.50 0.50 0.50

S.D. Exposure Var. 0.25 0.25 0.25 0.25

Notes. The table presents estimates of β in Equation 2. The sample excludes gynecology and obstetrics wards. Di is the standardized

share of unplanned admissions in each ward i, in 1980. Each column refers to a different dependent variable, measured per thousand

admissions. Columns 1-3 present estimates for regressions where in-hospital, 30-day post-discharge, and 1-year post-discharge mortality

are the dependent variables. Column 4 reports results for 30-day readmission rates after discharge. All observations are weighted by the

total number of admissions (Panel A), unplanned admissions (Panel B), and planned admissions (Panel C) in each ward in 1981. We present

the weighted mean of the dependent variable pre-reform. 95% confidence intervals, computed from robust standard errors clustered at the

hospital ward level (in parentheses) are presented between brackets.
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G. Additional Figures

Figure G.6. Physicians’ Labor Demand in Denmark (1972-1991)

(a) Total Number of Positions (b) By Physician Career Stage

Notes. Panel (A) displays the total number of posted and filled positions for all hospital physicians in public hospitals in Denmark, between

1972 and 1991. Hospital physicians during this period include chief physicians, junior residents and senior residents. Panel (B) displays the

total number of posted and filled positions disaggregated by career stage. The data comes from digitized statistical yearbooks produced by

the Danish Health Authority.
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G.1. Mortality Changed Along the Dose

The event–study and DiD estimates impose a linear relationship between pre-reform overtime need

and the post-reform change in mortality. To test for heterogeneity along Di and visualize the shape of

the relationship, we start by computing, for every ward i, the change in mortality rate:

∆Yi = Ȳi,post − Ȳi,pre =

1

Ti,post

1984∑
t=1982

Yit −
1

Ti,pre

1981∑
t=1978

Yit . (14)

We then estimate E
[
∆Yi|Di = d

]
through a local-linear regression, with a bandwidth of 0.1, and

weighting observations by the baseline number of admissions in 1981.

Figure G.7, Panel A shows the fitted curve for all admissions. Figure G.7, Panel B repeats the

exercise for mortality among unplanned admissions only. The gray bands illustrate the 95% confidence

intervals. The relationship between the share of unplanned admissions and the change in mortality

rates across reform periods is essentially flat until about Di = 0.5, with the slope turning negative from

then on.

Overall, Figure G.7 reinforces the conclusions from our TWFE estimates. There is a stronger ef-

fect on wards where h-to-N substitution induced by overtime restrictions is larger. The effect is het-

erogeneous in the continuous exposure variable, becoming negative and significant only when the

pre-reform share of unplanned admissions is above 50%.

Figure G.7. Change in Hospital Mortality Rates by Dosage

(a) All Admissions (b) Unplanned Admissions

Notes. The figure documents the estimated curve of a local-linear polynomial regression, with bandwith 0.10 of the post-pre change in hospital

mortality (Panel A) or hospital mortality among unplanned admissions (Panel B) on the share of unplanned admissions in the hospital ward

in 1980. The dependent variable is the ward-level change between post-reform (1982-1984) and pre-reform (1978-1981) mortality rates,

defined as ∆Y in the main text. 95% confidence bands are presented in gray.
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Figure G.8. Age-Adjusted In-Hospital Mortality: Event-Study at the Ward Level

(a) All Admissions (b) Unplanned Admissions

(c) Planned Admissions

Notes. The figure documents coefficients δt and βt of the event-study specification as in Equation 1 for age-adjusted mortality rates. Panel

A presents estimated effects for the change in age-adjusted deaths in hospital per thousand admissions, among all admissions. Panels B and

C present the same outcomes among unplanned and planned admissions, respectively. All estimates are relative to the baseline year 1981,

and results are weighted by the number of admitted patients in 1981. The dashed vertical lines indicate onset of the reform. The capped bars

depict 95% confidence interval using robust standard errors clustered at the hospital ward level.
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Figure G.9. Risk-Adjusted In-Hospital Mortality: Event-Study at the Ward Level

(a) All Admissions (b) Unplanned Admissions

(c) Planned Admissions

Notes. The figure documents coefficients δt and βt of the event-study specification as in Equation 1 for risk-adjusted mortality rates. Risk-

adjusted mortality rates are given by the ratio between actual deaths in hospital and expected deaths given the patient age distribution and

case mix of the patients in each ward. Panel A presents estimated effects for the change in risk-adjusted deaths in hospital per thousand

admissions, among all admissions. Panels B and C present the same outcomes among unplanned and planned admissions, respectively. All

estimates are relative to the baseline year 1981, and results are weighted by the number of admitted patients in 1981. The dashed vertical

lines indicate onset of the reform. The capped bars depict 95% confidence interval using robust standard errors clustered at the hospital ward

level.
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Figure G.10. 30-Days Mortality Rates: Event-Study at the Ward Level

(a) All Admissions (b) Unplanned Admissions

(c) Planned Admissions

Notes. The figure documents coefficientsδt andβt of the event-study specification as in Equation 1 for mortality rates 30 days post-discharge.

Panel A presents estimated effects for the change 30-days mortality rate per thousand admissions, among all admissions. Panels B and C

present the same outcome among unplanned and planned admissions, respectively. All estimates are relative to the baseline year 1981, and

results are weighted by the total number of admitted patients (Panel A), unplanned admissions (Panel B), and planned admissions (Panel C)

in 1981. The dashed vertical lines indicate onset of the reform. The capped bars depict 95% confidence interval using robust standard errors

clustered at the hospital ward level.
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Figure G.11. Hospital Admissions: Event-Study at the Ward Level

(a) All Admissions (b) Unplanned Admissions

(c) Planned Admissions

Notes. The figure documents the coefficients of a regression with the same specification as Equation 1. It shows estimated effects for the

change in total hospital admissions (Panel A), unplanned admissions (Panel B), and planned admissions (Panel C) relative to the baseline

year of 1981. The dashed vertical lines indicate onset of the new working-hour system. The capped bars depict 95% confidence interval using

robust standard errors clustered at the hospital ward level.
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Figure G.12. Effects of the Reform on the Proportion of Unplanned Admissions: Event-Study

at the Ward Level

Notes. The figure documents the coefficients of a regression with the same specification as Equation 1. It shows estimated effects for the

change in the share of unplanned admissions relative to the baseline year of 1981. The dashed vertical lines indicate onset of the new

working-hour system. The capped bars depict 95% confidence interval using robust standard errors clustered at the hospital ward level.

Figure G.13. Readmissions and Average Length of Stay: Event-Study at the Ward Level

(a) 30-Day Readmission Rate (b) Average Length-of-Stay

Notes. The figure documents the coefficients of a regression with the same specification as Equation 1. It shows estimated effects for the

change in the rate of hospital readmission 30-days after discharge (Panel A), and the average number of days for each admitted patient (Panel

B) relative to the baseline year of 1981. The dashed vertical lines indicate onset of the new working-hour system. The capped bars depict

95% confidence interval using robust standard errors clustered at the hospital ward level.
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Figure G.14. Hospital Mortality Rates - Other Dosage Definitions

(a) All Admissions (b) Unplanned Admissions

Notes. The figure documents coefficient of a regression with the same specification as Equation 1. It shows estimated effects for the change

in deaths in hospital per thousand admissions, among all admissions (Panel A), and among unplanned admissions (Panel B). ”Unplanned”,

”Weekend” and ”Night” refer to different definitions of the treatment dosage Di . Unplanned is the standardized share of unplanned admissions

in each ward i, in 1980. The dashed vertical lines indicate onset of the new working-hour system. The capped bars depict 95% confidence

interval using robust standard errors clustered at the hospital ward level.

Figure G.15. Hospital Mortality: Latent Dosage Definition

(a) All Admissions (b) Unplanned Admissions

Notes. The figure documents coefficient of a regression with the same specification as Equation 1. As the dosage variable uses a latent factor

of several predictors of overtime use pre-reform (See Appendix D for more details). Each panel shows estimated effects for the change in

deaths in hospital per thousand admissions, among all admissions (Panel A) and unplanned admissions (Panel B). The dashed vertical lines

indicate onset of the new working-hour system. The capped bars depict 95% confidence interval using robust standard errors clustered at

the hospital ward level.
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Figure G.16. Placebo Distributions: Random Reassignment of Dosage Variable

(a) All Admissions (b) Unplanned Admissions

(c) Planned Admissions

Notes. The figure presents coefficient distributions from 1001 sample permutations. In each sample, the dosage variable—the share of

unplanned admissions in 1980—is randomly re-assigned across hospital wards. Each coefficient is the β coefficient in a specifications as in

Equation 2. The dashed lines correspond to the estimates in our analysis sample, reported in F.7, Column 1.
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Figure G.17. Different Clustering of the Standard Errors

(a) Effect on In-hospital Mortality Rate (b) Effect on 1-year Mortality Rate

Notes. The figure depicts the 95% confidence intervals for different levels of clustering of the standard errors of the β coefficient of Equation

2. The figure presents these for in-hospital mortality rates (Panel A) and mortality rates 1-year post-discharge (Panel B). These include

clustering at the ward (same as in the main specification), hospital, county and broad specialty group level. The 95% confidence intervals

correspond to the coefficients presented in Panels A through C of Table 2, Columns 1 (for the case of the figure in Panel A) and 4 (for the

case of the figure in Panel B).
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