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We investigate the effects of radiation therapy on the mortality and economic outcomes 

of breast cancer patients.We implement a 2SLS strategy within a difference-in-difference 

framework exploiting variation in treatment stemming from a medical guideline change 

in Denmark. Using administrative data, we reproduce results from an RCT showing the 

lifesaving benefits of radiotherapy. We then show therapy also has economic returns: ten 

years after diagnosis, treatment increases employment by 37% and earnings by 45%. 

Mortality and economic results are driven by results for more educated women, indicating 

that equalizing access to treatment may not be sufficient to reduce health inequalities.
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� Introduction
Following the seminal work of Grossman (����) on the theory of health capital, an
extensive body of research in economics suggests that healthier individuals have bet-
ter socio-economic outcomes (Stephens Jr. andToohey, ����; Bleakley, ����; Fogel,
����; Currie andMadrian, ����). Existing evidence also suggests that health a�ects
economicoutcomes at thenational level (Acemoglu and Johnson,����;Weil,����).
A natural question then is whether — and by how much — medical interventions
that a�ect health also a�ect economic outcomes.

Understanding the e�ects of medical treatments on economic outcomes may
have fundamental implications for health policy. However, rigorous evidence ad-
dressing this question is scarce, for at least two reasons. The �rst is the endogenous
assignment of medical treatments. Patients in worse health tend to receive more in-
tensive medical treatments. At the same time, most determinants of health likely
a�ect economic outcomes, making empirical identi�cation challenging. Second, ad-
dressing this question requires detailed linked data on individual health, medical
treatments, and economic outcomes. The ability to observe these outcomes for an
extended period of time is essential to capture any long-run adjustments.

In this paper, we overcome these challenges by investigating the e�ects of radia-
tion therapy on the mortality and labor market outcomes of breast cancer patients
in Denmark. Breast cancer has several features that make it well suited to study the
e�ects of medical treatments. It is the most commonly diagnosed cancer among
women, with more than �.�million new cases in ����. Accounting for more than
��% of all newly diagnosed cancer cases annually, it is also the most common form
of cancer worldwide (OECD, ����). In addition, roughly a third of breast cancer
patients are diagnosed between the ages of ��–��, thus still during their working
years.� Finally, survival rates are high withmore than ��% of patients in high-income
countries remaining alive � years after diagnosis (Arnold et al., ����).

Denmark constitutes an ideal setting to study the economic e�ects of radiation
therapy for several reasons. To begin with, it has rich clinical and administrative data

�Authors’ own calculation using data from the Global Cancer Observatory of the World Health
Organization, available at https://gco.iarc.fr, last accessed on � February ����.
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that allowus to observe the health and labormarket outcomes of the near-universe of
breast cancer patients for up to ten years after diagnosis. Second, a change inmedical
guideline expanded the eligibility for radiotherapy in January ����without a�ecting
the allocation to any other types of breast cancer treatments. This guideline change
provides us with plausibly exogenous variation in assignment to treatment, allowing
us to address identi�cation challenges.

Usingdata onwomendiagnosedwithbreast cancerbetween ����–����, we show
that the guideline change increased the probability of radiation therapy among tar-
geted women by ��.� percentage points relative to una�ected patients with similar
disease characteristics. We then estimate the e�ects of radiotherapy on patient out-
comes through an instrumental variables strategy. The instrument is de�ned as the
interaction between an indicator for belonging to the group of patients with charac-
teristics targeted by the guideline change and a dummy variable for being diagnosed
after January ����. In our setup, almost all patients receive chemotherapy. Thus, our
results can be interpreted as the e�ect of combined radiation and chemotherapy as
compared to receiving only chemotherapy.

Given that numerous randomized controlled trials consistently show that breast
cancer treatments are e�ective in reducing mortality (e.g., Early Breast Cancer Trial-
ists’ Collaborative Group, ����, ����; Overgaard et al., ����; Ragaz et al., ����), we
�rst document the e�ects of radiotherapy on survival. Consistent with prior medi-
cal studies, we �nd that radiation therapy leads to substantial mortality reductions:
women who receive combined radiotherapy and chemotherapy are about �� per-
centage points less likely to die �–�� years after diagnosis relative to women who
are treated with chemotherapy alone. The mortality gains we estimate using �SLS
are identical to those found in a randomized controlled trial that examined the im-
pact of adding radiotherapy to chemotherapy among women diagnosed with breast
cancer ten years earlier (Overgaard et al., ����). This suggests that the returns to ra-
diotherapy did not diminish during our study period.

We next turn to the e�ects on our labormarket outcomes: employment, income,
and welfare use. We address a potential bias from selective survival by coding non-
survivors as out of the labor force with no income and no welfare use. We �nd that
radiation therapy hasmajor economic bene�ts. Our results suggest that womenwho
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receive radiotherapy in addition to chemotherapy are ��.� percentage points (��%)
more likely to be employed ten years after diagnosis. The employment gains are
mainly due to a reduction in the likelihood of exiting the labor force. We also �nd
that treatment improves labor earnings by ��–��% and total income by �–��% in
the ten years following cancer diagnosis. The di�erent e�ects on earnings and to-
tal income are due to changes in welfare use. Speci�cally, we �nd that radiotherapy
mitigates the cumulative risk of being on welfare by ��–��%.

What mechanisms drive these e�ects? While data limitations prevent us from
pinpointing the precise mechanisms behind these e�ects, we try to shed light on po-
tential pathways by examining treatment heterogeneity along two dimensions: dis-
ease severity and patient socio-economic status (proxied by education). Using the
predicted ��-year breast cancer mortality as a measure of disease severity (Abadie et
al., ����), we show that the returns to radiation therapy are larger for patients with a
higher disease burden, both for long-termmortality and for labor supply outcomes.

We next document substantial treatment heterogeneity based on patient’s edu-
cation. In particular, we �nd that radiotherapy has similar mortality e�ects among
highly and low-educated patients, but that the long-term mortality gains are ob-
served only among women with postsecondary education. The di�erences in mor-
tality gains are entirely due to di�erences in the risk of breast cancer recurrence in the
long-run. We show that these results are not driven by di�erences in provider quality,
in access to screening programs, or disease severity at the time of diagnosis. If any-
thing, our results suggest that low-educated patients have higher predictedmortality
risk and, as such, would be expected to have larger gains from treatment. Based on
prior medical studies highlighting the importance of lifestyle factors in recurrence
(Cannioto et al., ����) and associations between education and such lifestyle fac-
tors (Puka et al., ����), we speculate that di�erences in diet, exercise, smoking and
alcohol use may play a role.

Our results also suggest signi�cant heterogeneity in economic gains by patient
education: ten years after diagnosis highly educated patients treated with radiother-
apy are ��.� percentage points more likely to be employed, while the e�ects on low-
educated women are much smaller and not statistically signi�cant. The positive ef-
fects on employment are larger than the reduction in mortality, suggesting that eco-
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nomic returns are not solely due to highly educated individuals surviving after breast
cancer. We contend that one explanation for the divergent labormarket e�ects could
be that low-educated patients have physically more demanding occupations and the
well-established side e�ects of radiation treatment (e.g., swelling, fatigue, lymphedema,
pain or weakness in the arm and shoulder) makes it di�cult for them to remain in
the labor force. We provide suggestive evidence on this by documenting that a higher
share of low educated women are employed in occupations characterized as physi-
cally moderately demanding and, among patients employed in physically light jobs,
low-educated women have tasks that are physically more demanding.

Our papermakes two contributions. First, we add to previous studies document-
ing a pronounced decline in labor supply among survivors of breast cancer compared
to thosewithout cancer (e.g.,Heinesen andKolodziejczyk, ����; Bradley et al., ����,
����a,b). Our work compliments this as it focuses on whether speci�c treatment
patterns can lessen the impact of the disease on economics outcomes. Second, we
contribute to a growing body of work in economics that considers the impact on
labor supply of medical treatments.� This work has considered antiretroviral ther-
apy for HIV/AIDS patients (Papageorge, ����; Baranov et al., ����; Thirumurthy
and Gra� Zivin, ����; Habyarimana et al., ����; Thirumurthy et al., ����), Cox-�
inhibitors (Butikofer and Skira, ����; Garthwaite, ����), mental health treatments
(Biasi et al., ����; Cronin et al., ����; Timbie et al., ����), and prescription opioids
(Beheshti, ����; Harris et al., ����). The impact of breast cancer treatments on la-
bor market outcomes is largely unexplored. One exception is the study by Jeon and
Pohl (����) that uses data fromCanada to examine the impact ofmedical innovation
on the labormarket outcomes of prostrate andbreast cancer patients. Thepaper doc-
uments that medical innovation –measured by the number of approved drugs and a
patent index– reduced thenegative e�ects of cancer on employment and that the eco-
nomic gains were experienced only by cancer patients with postsecondary education.
However, the paper is unable to disentangle the e�ects of medical innovation from
the improvements in diagnostics as they lack clinical information on disease charac-

�A strand of medical literature examines how cancer treatment patterns, especially for breast can-
cer, can alter the return to work (e.g., Carlsen et al., ����; Lindbohm et al., ����; Damkjæ et al.,
����; Johnsson et al., ����; Balak et al., ����; Drolet et al., ����). These studies rely on multivariate
regression models that do not account for selection into treatment.
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teristics. It also estimates only intention-to-treat e�ects as the authors lack data on
the treatments received by patients. In our paper, we estimate the causal e�ect of a
speci�c and common cancer treatment against a clearly-de�ned counterfactual. Our
ability to examine long-run e�ects also distinguish our paper from previous studies.

Our results speak to a growing emphasis in oncology care to include quality of
life measures as secondary outcomes in cancer treatment clinical trials (Wilson et al.,
����). Despite this, only ��% of National Cancer Institute-sponsored cancer treat-
ment trials with an initial publication about health outcomes subsequently report
quality of life outcomes (St Germain et al., ����). Therefore, obtaining a better
understanding the impact of therapies on non-medical outcomes is critically impor-
tant. Our �ndings are also pertinent to the ongoing discussions on the role of med-
ical treatments in the increase in overall health spending. Costs of cancer treatment
are rising worldwide. For example, the United States spent an estimated USD ���.�
billion in ���� on cancer related healthcare expenditures. In the European Union,
healthcare spending for cancer care was EUR ��.� billion (Jemal et al., ����). With
roughly USD �� billion in medical costs in ����, breast cancer has the highest treat-
ment cost among all cancer types (Mariotto et al., ����). These medical expendi-
tures are expected to increase dramatically in the coming years due to population
aging. Our results suggest that breast cancer treatments not only impact survival but
that they have long-term economic bene�ts, even in a country likeDenmark, with its
universal health care access, and strong social safety net. As such, they underline the
need to consider the potential economic bene�tswhenmakingdecisions on the reim-
bursement of new cancer treatments. Furthermore, the heterogeneity in the returns
to treatment by patient education underscores that equalizing access to treatment
may not be su�cient to reduce inequalities in health. A deeper understanding of
how these treatments interact with lifestyle factors and occupational characteristics
is necessary to address emerging inequalities.

� Institutional Background
This section describes the diagnosis and treatment of breast cancer in Denmark. As
we detail below, Denmark has a universal health insurance system that covers almost
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all health care costs. In addition, there arewell-established guidelines onbreast cancer
care. Therefore, out of pocket expenditures on medical care or uncertainty on the
appropriate procedures are unlikely to impact access to treatment. Given our focus
on labor market outcomes, we also discuss how the Danish Social Security system
insures individuals against income losses from severe health shocks.

�.� Diagnosis and Treatment of Breast Cancer
The majority of Danish health care services, including all stages in the diagnosis and
treatment of breast cancer, are free of charge and all residents have equal access. The
patient’s general practitioner acts as a gatekeeper for specialist treatment. The gen-
eral practitioner reviews the patient’s medical history and conducts a clinical breast
exam. If this raises concerns about a potential breast cancer, the patient is referred
to a specialist, where she receives a mammography often supplemented with ultra-
sonography and needle biopsy.�

Patients who are diagnosedwith breast cancer receivemedical treatments accord-
ing to the guidelines set by theDanish Breast Cancer Cooperative Group (DBCG).�

According to these guidelines, all women diagnosed with early-stage breast cancer
(��% of all breast cancer patients; seeMøller et al., ����) are o�ered primary surgery
within twoweeks after diagnosis, which consists of either removal of the breast (mas-
tectomy), or breast-conserving surgery where only the tumor is removed (lumpec-
tomy). In both cases, any positive sentinel lymph nodes into which the tumor drains
are also removed. After primary surgery, some patients are further o�ered adjuvant
treatment consisting of systemic therapy and/or radiation therapy, depending on
their demographic anddisease characteristics. Systemic therapies are drugs that spread
throughout the body to treat cancer cells. They include chemotherapy, hormonal
therapy (endocrine), and immunotherapy (anti-HER�). Radiation therapy is de-

�In Denmark, the national breast cancer screening program was rolled out between ���� and
����. Therewere only a few regional screening programs before the introduction of the national plan:
in the municipality of Copenhagen (starting fromApril ����), in the county of Funen (starting from
November ����), and in the municipality of Frederiksberg (starting from June ����). All programs
o�ered bi-annual screening to women aged �� to ��. For more details, see Lynge et al. (����). In
addition, opportunistic screening is rare (Jensen et al., ����).

�DBCG is a multidisciplinary organization founded in ���� by the Danish Surgical Society in
order to standardize breast cancer care across all Danish hospitals (Blichert-Toft et al., ����).
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signed to provide highly-targeted treatment to kill any cancer cells that may remain
in the breast after surgery. As with other treatments, radiotherapy has some adverse
e�ects. Signi�cant short-term side-e�ects include pain (Andersen and Kehlet, ����),
fatigue (Minton and Stone, ����), loss of cognitive function (Debess et al., ����)
and pulmonary and upper limb morbidity (Gomide et al., ����). Long-term late
e�ects of radiotherapy include an increased risk of ischemic heart disease if the radi-
ation is applied on the left side of the chest (Darby et al., ����).

InDenmark, there are ongoing national clinical trials on breast cancer treatments
at all times. All eligible patients are o�ered to participate in the trial running at the
time of diagnosis.� While patients can refuse to participate in trials, in practice this is
very rare. Ineligible patients and thosewho decline to participate receive the standard
course of treatment available at the time of diagnosis. Participants in the trial receive
treatment according to the guidelines set in the speci�c trial. The treatment guide-
lines for systemic therapies and for radiation therapy are determined independently.

Ourpaper focuses on theperiod January ����–December ����when theDBCG��
national clinical trialwas inplace. The trial compared the impact of di�erent chemother-
apy treatments for pre-menopausal women and of di�erent hormone therapy treat-
ments for post-menopausal women.� DBCG changed the guidelines for use of radi-
ation therapy in the middle of this trial when the results of an earlier clinical trial in-
dicated long-termmortality gains from radiation therapy (Møller et al., ����; Over-
gaard et al., ����). Treatment guidelines for systemic therapies were not a�ected.

Eligibility for radiation therapy during this period is detailed in the decision tree
represented in Appendix Figure A�. In the decision tree, diagnoses or demographic
characteristics are listed in regular font and the text in italics represents the medi-
cal decision concerning radiation therapy. As the Figure shows, patients who had
lumpectomy as primary surgery were eligible to receive radiotherapy regardless of
any other demographic or disease characteristics. Among women receiving mastec-

�Patients with distant metastases, bilateral carcinomas, those with previous malignancies, and
those whose cancer is inoperable are always excluded from clinical trials. Each trial can add additional
criteria for exclusion (e.g., age limits).

�In addition to theusual exclusion criteria, the clinical trial excluded all patients aged�� and above.
Around �.�% of all patients diagnosed with breast cancer between ����-���� and who were eligible
for the DBCG�� trial refused to participate.
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tomies, post-menopausal women are never o�ered radiation. The guidelines for pre-
menopausal patients receiving a mastectomy changed in January ����. Before Jan-
uary ����, only pre-menopausal women �� years of age and younger with at least �
positive lymph nodes were eligible to receive radiotherapy. After January ����, eligi-
bility was expanded to all high-risk pre-menopausal women with at least � detected
positive lymph node or with a tumor of at least ��mm. Our empirical strategy ex-
ploits this guideline change as described in Section � below.

�.� Income Insurance Against Health Shocks
Working ageDanish residentswhoexperience severehealth shocks are insured against
earnings lossesmainly through sickness bene�ts anddisability pension. Sickness ben-
e�ts compensate for the earnings losses of persons in the labor force. During our
study period individuals could receive compensation for up to a year within �� cal-
endar months. Bene�t levels corresponded to ��% of the earnings before the onset
of the health shock up to a maximum bene�t level per month. During ����-����,
bene�ts represented on average ��% of lost earnings (Pedersen and Larsen, ����).

Disability pension provides �nancial support to those whose ability to work is
permanently and substantially reduced. Eligibility is decided bymunicipal casework-
ers taking into account both medical needs and social considerations (Bingley et al.,
����). The disability pension is granted permanently and recipients transition into
the old-age pension programwhen they reach the retirement age. During the period
of our analysis there were three di�erent bene�t levels depending on the severity of
disability. Bene�t levels also di�ered among married and single individuals.�

Individuals who are still unable to work after the expiration of sickness bene�ts
but do not qualify for disability pension may receive �nancial support through un-

�The base level was paid out to individuals whose work capacity was reduced by more than ��%
and amounted in ���� to �,���DKK (�,���USD in ���� prices) per month for married/cohabiting
individuals and �,��� DKK (�,��� USD) for single individuals. The intermediate group included
individuals younger than �� whose work capacity was reduced to a third as well as individuals aged
�� to �� years who had no capacity for work. In ����, married/cohabiting individuals in this group
received a monthly pension of �,���DKK (�,���USD) while single individuals received �,���DKK
(�,��� USD). Finally, individuals younger than �� with no work capacity were classi�ed as the high
level and received �,���DKK (�,���USD) monthly if they were married/cohabiting or �,���DKK
(�,���USD) if they were single.
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employment insurancebene�ts, social assistancebene�ts or early retirementpension.
Appendix A� describes these additional sources of income insurance.

� Data Sources and Analysis Sample
We use several population-level administrative data sets from Denmark. These data
include individual-level records with unique personal identi�ers, allowing us to fol-
low the entire populationover time. Weuse information for the period ���� to����.

TreatmentVariable. Ourprimarydata source is the clinicalBreastCancerDatabase
collected by theDBCG.These data provide detailed information on patients with in-
vasive breast cancer, including histopathological information (e.g., tumor size, ma-
lignancy grade, number of nodes examined, number of tumor positive nodes, estro-
gen and/or progesterone status), menopausal status, the medical treatments admin-
istered (e.g., type of primary surgery, receipt of radiation therapy and of systemic
therapy), as well as the date of diagnosis and of major medical interventions (Møller
et al., ����). Using these data, we de�ne an indicator for receipt of radiotherapy.

Outcome Variables. Our main health outcome is mortality, obtained from the
Register of Causes of Death. The register includes death records for all residents who
die in Denmark, with information on the exact date and cause of death using the
World Health Organization’s International Classi�cation of Disease. We measure
mortalitywith indicators for all-cause andbreast cancermortality. We examine e�ects
for each year from the date of diagnosis, up to �� years after diagnosis.

Our primary labor market outcomes are measures of labor force participation
and income. Information on labor force participation is derived from the Register-
Based Labour Force Statistics, a dataset based on tax records with records on the labor
market status of the entire Danish population as of November. We construct indi-
cators for being employed, unemployed, and out of the labor force. We use the In-
come Statistics Register to construct two measures of income: annual labor earnings
(equal to zero for people who are not employed), and gross personal income, which
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includes government transfers.� We study these labor market outcomes for each cal-
endar year from the year of diagnosis up to �� years later. Finally, we examine e�ects
on government transfers. The data come fromDREAM, a weekly register of all per-
sonswho receive government transfers. We consider four types of payments: sickness
leave bene�ts, welfare bene�ts paid to unemployed individuals without unemploy-
ment insurance, welfare bene�ts paid to individuals who work reduced hours due
to health limitations, and disability bene�ts. An individual is included inDREAM
if they receive a bene�t for at least one day during the week but the amount of the
transfer is not recorded. We de�ne indicators for receipt of any bene�ts as well as sep-
arately for sickness bene�ts and disability bene�ts. We also calculate the number of
weeks an individual receives these bene�ts. We construct these variables as cumula-
tivemeasures for the periods �–� and �–�� years after diagnosis. In order to take into
account a potential bias from selective survival, we assign the value one to the out of
labor force indicator and zero to all other labor market outcomes of non-survivors.

Control Variables. We observe a rich set of patient characteristics in the clinical
Breast Cancer Database. Using these data we construct the following indicators and
all possible interactions among them: having mastectomy, being younger than ��
years of age at diagnosis, the number of positive nodes (�, �–�, �+), having a tumor
larger than ��mm, and having the tumor removed micro-radically. This allows us
to �exibly control for the determinants of radiation therapy eligibility. We also con-
struct indicators for the type of chemotherapy received (DBCG�� clinical trial arm).

Some of our speci�cation checks use additional nationwide registers to construct
demographic characteristics of patients at the time of diagnosis. We construct indica-
tors for marital/cohabitation status, immigration status, and level of urbanization of
the municipality of residence from the Population Register, which provides a snap-
shot of all residents as of January �st of each year. In addition, we calculate the num-
ber of years of schooling from the Education Register, a database with information
on the highest level of completed schooling from administrative school records.

�All monetary variables are expressed in ���� Danish Kroner. ��� Kroner in ���� are roughly
equivalent to ��USD in ����.
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Analysis Sample. Our analysis sample includes a subset of female breast cancer
patients diagnosed between ���� and ����. Appendix Table A� details the construc-
tion of the analysis sample. Our starting sample includes��,���patients. We impose
four main restrictions to construct the analysis sample. First, we drop observations
on women who were not enrolled in the DBCG�� clinical trial. The primary rea-
sons for exclusion from the trial are contraindications due to old age (��%), previous
malignancies (�%), distantmetastases (�%), and bilateral carcinomas (�.�%). Second,
we restrict our attention to only high-risk pre-menopausal women in order to ensure
that our sample is homogeneous in terms of risk classi�cation and menopausal sta-
tus. We also exclude a small subset of cancer patients who were eligible for radiation
therapy regardless ofwhen theywere diagnosed, but forwhom the intensity of radio-
therapy increased if they were diagnosed after ����. Third, we exclude patients for
whom we have incomplete clinical information on receipt of radiation therapy, tu-
mor size, and on whether the tumor was removed microradically because otherwise
we cannot characterize their radiation therapy eligibility status. Finally, we exclude
women �� and older at the time of diagnosis becausewe need individuals to be below
the retirement age �� years after diagnosis in order to be able to investigate long-term
e�ects on labor market outcomes. The �nal sample consists of �,��� observations.

The women in the analysis sample can be divided into three groups. The �rst
group, which we call ) 95, includes women with characteristics that make them el-
igible for radiotherapy only if they are diagnosed after ���� (# = 1,290). These
are high-risk pre-menopausal women whose risk classi�cation was not due to only
staging, who had a mastectomy, and who were either (i) older than �� at the time
of diagnosis or (ii) younger than �� with fewer than � positive lymph nodes. The
second group (always eligible, # = 874) includes patients who are eligible for radi-
ation therapy regardless of when they are diagnosed. This includes pre-menopausal
high-risk patients who had a lumpectomy, as well as pre-menopausal mastectomy pa-
tients younger than �� years of age with at least � positive lymph nodes. The last
group (never eligible, # = 659) includes pre-menopausal women who are classi�ed
as high-risk only because of a stage II or III ductal carcinoma (i.e., they have tumors
smaller than ��mm and no positive lymph nodes). These patients are never eligible
to receive radiation therapy during the period under study.
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� Empirical Strategy
We are interested in estimating the impact of radiation therapy on health and labor
market outcomes of breast cancer patients. The baseline model takes the form:

. 0
7B = U1 + ')7B V1 +X7B W1 + C1B + n17B , (�)

where . 0
7B is an outcome observed 0 years after the diagnosis of patient 7 who was

diagnosed with breast cancer in year B . Our main independent variable, ')7B , is a
variable indicating receipt of radiation therapy. X7B is a vector of demographic and
clinical patient characteristics measured at the time of diagnosis. Finally, C1B are �xed
e�ects for the type of chemotherapy received (DBCG�� clinical trial arm) and for
year of diagnosis. We cluster the standard errors at the hospital level.

The key coe�cient of interest in Equation (�), V1, measures the average di�erence
in the outcomes of breast cancer patients who receive radiation therapy in addition
to chemotherapy as compared to those who only receive chemotherapy, after con-
trolling for observed characteristics of the patient. Empirical identi�cation of V1 is
complicated since medical treatments are unlikely to be randomly assigned: patients
in worse health tend to receive more intensive medical treatments.

Inorder to address this endogeneityproblem,we employ a two-stage least-squares
(�SLS) approach that exploits the plausibly exogenous variation in radiation therapy
stemming from the ���� change in guidelines. In particular, we de�ne our instru-
ment as the interactionbetween an indicator for belonging to the groupofbreast can-
cer patients to whom eligibility was expanded in January ���� () 957) and a dummy
variable for being diagnosed after January ���� (%=AB95B). Thismotivates the follow-
ing �rst-stage equation capturing the impact of the proposed instrument on receipt
of radiation therapy:

')7B = U2 +) 957 % =AB95B V2 +X7B W2 + C2B + n27B , (�)

and the following reduced-form equation relating the instrument to outcome vari-
ables:

. 0
7B = U3 +) 957 % =AB95B V3 +X7B W3 + C3B + n37B , (�)
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where the vector of patient characteristicsX7B �exibly controls for the determinants
of radiotherapy eligibility. Note that our �rst-stage and reduced-form equations are
equivalent to a di�erence-in-di�erences model with) 95 as the treatment group.

In order for �SLS to yield consistent estimates of the parameter of interest, three
conditionsmust be satis�ed. First, the instrument should be a su�ciently-strong de-
terminant of radiation therapy treatment so as to reduce �nite-sample bias inherent
in �SLS (the relevance condition). In our context thismeans that the adoption of the
���� guidelines should lead to a su�ciently large increase in receipt of radiotherapy
among women impacted by the eligibility expansion. The relevance condition is eas-
ily tested using the results of the �rst-stage equation. Recent research indicates that
�nite-sample bias is of little concern if the�rst-stage F-statistic testing the signi�cance
of the instrument is greater than ���.� (Lee et al., ����).

Second, the instrument needs to be as good as randomly assigned (the exogeneity
condition), conditional on observed characteristics. In our di�erence-in-di�erences
setting, this assumption requires that, given the set of patient characteristics that de-
termine radiotherapy eligibility, the comparison group provides a valid counterfac-
tual for the outcomes that would occur in the treatment group in the absence of the
guideline change. While this assumption is not directly testable, we assess its plausi-
bility in several ways. We initially show that the characteristics of women that are not
tied to radiotherapy eligibility are balanced between the treatment and comparison
groups. Similarly, we document that the outcomes of women diagnosed before the
guideline change are similar between the treatment and comparison groups. We also
con�rm that our results are robust to the comparison group used.

Third, the instrument should a�ect the outcome of interest only through its ef-
fect on the treatment variable (the exclusion restriction). This assumption rules out
other guideline changes or public policies that coincide with the ���� radiation ther-
apy guideline change and target the ) 95 group of patients. This assumption is as-
sured by institutional design: there were no other guideline changes implemented by
the DBCG during this period that targeted the patients in the ) 95 group. In addi-
tion, the fact that the eligibility for radiotherapy is determinedby a set of both clinical
and demographic characteristics makes it very unlikely that any other public policy
would only a�ect the women in the treatment group.
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If the instrument also satis�es the condition of monotonicity, our instrumental
variable strategywill provide theLocalAverageTreatmentE�ect (LATE)of radiation
therapy for patients who receive radiotherapy due to the expanded eligibility condi-
tions, but would not have received it otherwise (Angrist et al., ����). The mono-
tonicity condition requires that being diagnosed after ���� only increases the chance
that a patient in the ) 95 group receives radiation therapy. The LATE cannot be
estimated if eligibility of radiotherapy reduces a patient’s likelihood of undergoing
radiation therapy, for example, due to congestion e�ects. Monotonicity cannot be
tested formally but we provide evidence of its plausibility in Section � by presenting
estimates from the �rst-stage equation in di�erent subsamples. The comparability
of the LATE to the average treatment e�ect in the population depends on the size of
the “complier” population. As we will document in Section �, compliers comprise
around ��% of our analysis sample, suggesting that our results are broadly relevant.

� Results

�.� Descriptive Statistics
Table � provides descriptive statistics for the overall analysis sample (column �), for
womenwho receive combined radiation therapywith chemotherapy (column �) and
for those who receive only chemotherapy (column �). Variable names ending in a
questionmark are indicators with one being yes and zero being no. The �nal column
reports the >-value for the test of equality of means between patients receiving and
not receiving radiotherapy. About ��% of the patients receive radiation therapy.

Panel A summarizes the demographic characteristics of patients at the time of
diagnosis. The average cancer patient in our sample is ��.� years old with �� years of
schooling. About ��% are married and ��% work in the �–� years prior to diagno-
sis. Patients who receive both chemotherapy and radiotherapy are slightly younger,
slightly more educated and substantially less likely to be married at the time of diag-
nosis relative to patients who receive only chemotherapy. While there is no di�erence
in pre-cancer employment rates between the two groups, the pre-diagnosis income
and labor earnings of women receiving radiotherapy are �–�% higher.
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Panel B focuses on disease pathology. The statistics suggest that patients who
undergo radiotherapy tend to have substantially worse clinical characteristics. Their
average tumor size is ��% larger than the average tumor size of those who only receive
chemotherapy. This is primarily due to the higher share of tumors larger than ��mm
among patients treated with radiation therapy. Radiotherapy patients also have a
higher average number of lymph nodes that contain cancer. This is not surprising
given that during the initial part of our analysis period, only patients with at least
� positive nodes were eligible to receive radiotherapy. Similarly, the near-universe
of patients who do not receive radiation therapy have mastectomy as the primary
surgery because lumpectomy patients are always eligible to receive radiotherapy.

Panels C presents the post-diagnosis health outcomes for the di�erent subsam-
ples. Given the negative selection of patients into di�erent treatment regimens, it is
not surprising that mortality is signi�cantly higher among patients who receive ra-
diotherapy combined with chemotherapy. Mortality di�erences appear as early as
one year after diagnosis and grow over time. �� years after diagnosis, the mortality
rate of radiotherapy patients is � percentage points higher than the mortality rate of
women who do not receive radiation therapy. These mortality di�erences are almost
entirely driven by mortality from breast cancer.

Panel D describes the labor market outcomes. The summary statistics suggest
that radiotherapy patients tend to have worse labor market performance. They are
less likely to be employed and more likely to be out of the labor force. While their
labor earnings and total income remain higher, the di�erence relative to the group of
patients who only receive chemotherapy declines over time. The di�erences in these
outcomes are small in magnitude and generally not statistically signi�cant. In con-
trast, there are economically large di�erences in welfare use between the two groups,
with radiotherapy patients receiving government transfers at much higher rates.

The raw correlations described in Table � show that radiotherapy patients are the
highest risk patients and it is therefore no surprise that, in raw averages, they have the
highest cancer mortality. Identifying the complete set of characteristics that deter-
minemortality and are correlatedwith radiotherapy is unlikely to eliminate concerns
about omitted variables bias. To form a baseline case, Appendix Tables A� and A�
present theOLS estimates of the relationship between radiation therapy and the out-
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comes of cancer patients. Each cell presents estimates fromadi�erent regressionwith
the outcome variable indicated in the row and the period after diagnosis indicated in
the column. All regressions �exibly control for the clinical characteristics determin-
ing radiation therapy eligibility, as well as �xed e�ects for the type of chemotherapy
treatment and for year of diagnosis (see Section �). Standard errors are clustered at
the hospital level. The results indicate no correlation withmortality in the short-run
but statistically signi�cant mortality declines starting from �ve years after diagnosis.
For example, we �nd that radiation therapy is associated with a �.� percentage point
decline in all-cause mortality �ve years after diagnosis. This association grows to �.�
percentage points after ten years. Themortality gains are due to a reduction in breast
cancer mortality. Even though controlling for observable characteristics reverses the
sign of the association between radiation therapy and patient outcomes, the results
raise the concern that the same could hold for other, unobserved characteristics, and
that the estimated associations are biased because of these omitted variables.

For completeness, the remainder of the results in Appendix Table A� document
the relationshipbetween radiation treatment and labormarket outcomes. Recall that
we assign the value one to the out of labor force indicator and zero to all other labor
market outcomes of non-survivors to address a potential bias from selective survival.
TheOLS associations suggest a weak relationship between radiation therapy and the
likelihood of dropping out of the labor force, in both statistical signi�cance andmag-
nitude, starting from three years after cancer diagnosis. While radiotherapy is also
consistently positively associated with the likelihood of being employed and both of
our measures of income, these associations are generally not statistically signi�cant
at conventional levels. Similarly the OLS results in Appendix Table A� indicate a
consistently negative but generally statistically insigni�cant relationship between ra-
diation therapy and the likelihood of receiving government transfers.

In the next section, we turn to our quasi-experimental approach that leverages
the variation in radiation therapy stemming from the ���� change in guidelines.
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�.� E�ects of Radiation Therapy on Mortality and Labor Mar-
ket Outcomes

We�rst provide visual evidenceon the�rst-stage relationshipbetween the ���� radio-
therapy guideline change and the likelihood of receiving radiotherapy. Given that the
women impacted by the eligibility expansion and those in the comparison group (i.e.,
remaining high-risk pre-menopausal women) di�er along clinical and demographic
characteristics by design, we present in Figure � the regression-adjusted probability
of receiving radiation therapy by year of diagnosis. Speci�cally, we regress the indica-
tor for receipt of radiation therapy on the characteristics that determine radiotherapy
eligibility, separately for ) 95 and the comparison group, and then plot the average
of the residuals from these regressions for women diagnosed in the year indicated on
the horizontal axis. The solid line represents thewomen in) 95while the dashed line
represents the group of women who are never or always eligible for treatment.

Figure � shows that take-up of radiotherapy is constant among the comparison
group throughout the entire period. In contrast, take-up in the ) 95 group is fairly
stable before and after the ���� guideline change with a sharp level shift in ����.�

Consistent with the visual evidence, the regression estimate for the �rst-stage rela-
tionship between the instrument and treatment take-up, based on Equation (�), is
economically large and highly statistically signi�cant. In particular, we �nd that the
���� guideline change led to an increase of ��.� percentage points (s.e. �.�) in the
probability of radiotherapy among women in the) 95 group relative to other high-
risk pre-menopausal patients. The associated F-statistic is �,���.�, well above the re-
cent rule-of-thumb value of roughly ��� (Lee et al., ����). First-stage estimates for
the full sample and subsequent sub-samples are given in Appendix Table A�.

We next turn to e�ects on mortality. Figure � plots the �SLS coe�cients on the
indicator for radiotherapy and corresponding��%con�dence intervals fromseparate
models with the mortality indicators as outcomes, measured at the time indicated
on the horizontal axis. Circles represent e�ects on all-cause mortality and diamonds

�Figure � shows that take-up of radiotherapy among ) 95 women increases already in ����. Ap-
pendix Figure A� shows that this is due to an increase in the last two quarters of ���� when some
hospitals adopted the new guidelines before the o�cial enactment date. Our results are robust to
excluding ����.
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represent e�ects on breast cancermortality. Regression coe�cients corresponding to
Figure � are provided in the �rst two rows of Appendix Table A�, while the �rst two
rows in Appendix Table A� present regression coe�cients on the instrument from
the reduced-form Equation (�).

The results suggest that radiation therapy leads to substantial mortality reduc-
tions. The bene�ts appear as early as three years post diagnosis and the coe�cients
are statistically signi�cant at the �% level starting from �ve years after cancer diag-
nosis. Women who receive combined radiotherapy and chemotherapy are about ��
percentage points less likely to die �–�� years after diagnosis relative to women who
are treatedwith chemotherapy alone, representing ��–��% reductions relative to the
mean mortality among the untreated patients. The reduction in all-cause mortality
is entirely driven by the reduction in breast cancer mortality.

Having established the mortality gains from radiotherapy, we next plot in Fig-
ure � the �SLS coe�cients on the indicator for radiotherapy and corresponding ��%
con�dence intervals from separate models with labor market outcomes, measured
at the time indicated on the horizontal axis. Corresponding regression coe�cients
are provided in rows �–� of Appendix Table A� and the reduced-form results are
presented in rows �–� of Appendix Table A�. In Figure �a, circles, diamonds and
squares represent e�ects on the likelihood of being employed, unemployed, and out
of the labor force, respectively. We �nd that radiation therapy leads to statistically
signi�cant increases in the probability of employment. The magnitudes are sizeable
ranging from �.� percentage points (��% at the mean) in the �rst year after diagnosis
to ��.� percentage points (��%) ten years after. The rise in employment is entirely
due to a reduction in the likelihood of exiting the labor force.

Figure �b focuses on ourmeasures of income, with circles representing e�ects on
annual labor earnings and diamonds representing e�ects on gross personal income
(including government transfers). Consistent with the results on employment, we
�nd that receipt of radiotherapy leads to an increase in annual labor earnings of about
DKK ��,���–��,��� (USD �,���–�,���) and in annual gross personal income of
about DKK ��,���–��,��� (USD �,���–�,���) during the ten years following can-
cer diagnosis. These are economically large gains representing ��–��% of average
annual labor earnings and �–��% of average gross personal income.
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The fact that the gains in labor earnings are higher than those in total income
is consistent with the compensating role of income insurance in Denmark that par-
tially covers for the lost earnings of individuals who experience severe health shocks.
For this reason, we provide in Table � evidence on the e�ects of radiation therapy on
government transfers. The �SLS results indicate that women who receive radiation
therapy are about ��percentage points less likely to receive government transfers dur-
ing the �rst �� years after they are diagnosed with cancer. This is a large e�ect consid-
ering that around ��–��% of untreated women receive government transfers. The
reduction in the likelihood of receiving government transfers is mainly driven by a
decline in the receipt of sickness bene�ts (i.e., a fall in the likelihood of being on sick
leave). The estimated e�ects on the likelihood of being on disability insurance are
large but not statistically signi�cant. Similarly, the e�ect sizes at the intensive margin
are economically large, with the average number of weeks on government transfers
falling by �.�–�weeks (relative to means of ��–��weeks), but only the e�ect on the
number of weeks on sickness bene�ts is marginally signi�cant.

�.� Comparing the Estimated E�ects to the Existing Literature
Howdoour estimatedmortality e�ects compare to thosedocumented in theDBCG��
randomized clinical trial that led to the ���� guideline change? The DBCG�� clini-
cal trial examined the impact of adding radiotherapy to chemotherapy among high-
riskpre-menopausalwomendiagnosedwithbreast cancerbetween ����–����. Over-
gaard et al. (����) report that the ��-year mortality rate among women randomized
to receive radiation therapy in addition to chemotherapy was � percentage points
lower than among women who received only chemotherapy. The fact that the mor-
tality gains we estimate using �SLS are almost identical to those found in an earlier
randomized control trial raises con�dence in the validity of the key identi�cation as-
sumptions in our observational study. In addition, themortality gains are identical to
the gains observed in women treated �� years earlier, which suggests that the returns
to radiotherapy did not diminish during this period.

Our results suggest that radiation therapy has major economic bene�ts: it in-
creases the probability of employment by ��–��%, it improves labor earnings by ��–
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��%, and it mitigates the cumulative risk of being on welfare by ��–��%. These
e�ect sizes are generally comparable to those found in other studies evaluating the
economic e�ects of medical treatments. For example, Biasi et al. (����) focused on
the pharmaceutical treatment of bipolar disorder and �nd that access to lithium by
age �� increases labormarket participation by ��% and earnings by ��%. Garthwaite
(����) found that Cox-� inhibitors, medications used in the treatment of chronic
pain and in�ammation, increase the likelihood of working by �� percentage points
relative to a mean of almost ��%. Butikofer and Skira (����) documented that the
market entry of Vioxx, a popular Cox-� inhibitor, reduced the number of sickness
leave days among individuals with joint pain by �–��% while its removal from the
market increased sickness absence days by ��–��%.

It may also be helpful to benchmark our estimates against the e�ects of breast
cancer on women’s labor market outcomes. Among all Danish women aged ��–
�� during ����–����, the di�erence between the employment rate of women with
and without breast cancer ranges from �–�� percentage points one to ten years after
diagnosis. These employment gaps are larger than those found in the United States
(Bradley et al., ����a,b) but comparable to those documented in Denmark in prior
studies (Heinesen andKolodziejczyk, ����). Overall, our results imply that radiation
therapy can reduce the long-run employment gap by around ��%.

�.� Instrument Validity and Robustness Checks
The �SLSmethod yields consistent estimates if the instrument satis�es the relevance
assumption, the exogeneity assumption, and the exclusion restriction. The change in
guidelines has an economically large and statistically signi�cant e�ect on radiother-
apy take-up, so we can safely conclude that the relevance assumption is satis�ed.

The exogeneity assumption requires that the comparison group provide a valid
counterfactual for the time path of the outcomes of women in the) 95 group in the
absence of the guideline change. We bring suggestive evidence on the plausibility
of this assumption in several ways. First, we present in Appendix Table A� descrip-
tive statistics separately for women in the) 95 and in the comparison group who are
diagnosed before the guideline change. Since the ���� guideline change targeted pa-
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tients based on clinical characteristics and age at diagnosis, it is not surprising that we
�nddi�erences betweenwomen in the) 95 and in the comparison group along these
dimensions. However, when we compare the characteristics that are not tied to ra-
diotherapy eligibility, we �nd relatively small and generally statistically insigni�cant
di�erences. In the caseswhen the di�erences are statistically signi�cant (employment
status, years of education), they are economically small.

We next estimate an event-study type ofmodel inwhich the time to event is given
by the di�erence between the year of diagnosis and ����:

. 0
7B = U4 +

3’
8=�5
8<�1

')7B1(B � 1995 = 8 )V48 +X7B W4 + C4B + n47B . (�)

A test of parallel pre-intervention trends is given by a test of joint signi�cance of V48
for 8 < 0.�� The distribution of the >-values corresponding to these tests is provided
in Appendix Figure A�. Most of the >-values are above �.�, indicating statistically
insigni�cant di�erences between the outcomes of women in ) 95 and in the com-
parison group in the period before the guideline change. In fact, the null hypothesis
of parallel trends is rejected in ��%of the cases, which is about what wewould expect
when conducting multiple hypothesis tests at ��% signi�cance.

As a �nal check of the exogeneity assumption, we estimate our reduced-form
model using demographic characteristics that are not tied to radiation therapy eli-
gibility as well as average outcomes �–� years before diagnosis as the dependent vari-
able.�� The results presented in Appendix Table A� indicate, with the exception of
unemployment, no statistically signi�cant changes in these predetermined character-
istics of women in the) 95 group relative to the comparison group.

We next turn to the exclusion restriction. In our setup, this assumption implies
that the radiotherapy guideline change is the only factor that can a�ect the outcomes
ofwomen in the) 95 group after ����. We explore theplausibility of this assumption
through a placebo regression. We restrict our sample to only the comparison group

��Wealso implement some of themore recent event studymethods (e.g., Sun andAbraham, ����).
The results, available upon request, are quantitatively and qualitatively similar.

��Weare unable to examine e�ects onpre-diagnosiswelfare receipt as the data on government trans-
fers begins in ����.
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(i.e., women who are either always or never eligible for radiotherapy) and we assign
the ���� radiation therapy guideline change to always-eligible women. If our base-
line estimates pick up an improvement in the outcomes of women diagnosed after
���� unrelated to the e�ectiveness of radiotherapy, then we would likely see an asso-
ciation between the guideline change and the outcomes of always-eligible women as
well. However, the reduced-form results plotted in Appendix Figure A� show that
the guideline change did not lead to any statistically signi�cant di�erences in the out-
comes of always-eligible women relative to never-eligible women.

Finally, we discuss the validity of the monotonicity assumption, which allows us
to interpret our results as LATEof radiation therapy. Monotonicity requires that the
���� guideline change only increases the likelihood of a patient receiving treatment.
This assumption would be violated if the expansion of eligibility for radiotherapy
reduced the likelihood of undergoing radiation therapy for some, for example, due
to congestion e�ects. Intuitively, we do not expect such a violation to be present
in our sample because radiotherapy is provided in a handful of locations with large
treatment capacities. For example, in ����, six radiotherapy centers provided a total
of���,��� treatments (Olsen et al., ����). The radiotherapy guideline expanded the
number of cancer patients eligible for treatment by ���. Each of these patients were
eligible to receive ��–�� treatments, corresponding to a �% increase in treatment
demand based on the treatment capacity in ����.

Formally, a violation of the monotonicity assumption implies that the �rst-stage
coe�cient on the guideline change indicator is negative for certain patients. In the
spirit of Mueller-Smith (����), we estimate the �rst stage across subgroups de�ned
by education, pre-diagnosis income,marital status, and predictedmortality risk. The
results presented inAppendixTableA� show that the estimated�rst-stage coe�cient
is remarkably stable in magnitude across all these subgroups.

In the remainder of the section, we examine the robustness of the �SLS estimates
to alternative modeling choices and to alternative ways of constructing the analysis
sample. We start by examining the sensitivity of the results to the inclusion of ad-
ditional controls. If the exogeneity assumption holds (i.e., there are no systematic
di�erences between the ) 95 and the control group beyond the characteristics de-
termining radiotherapy eligibility), adding more covariates should not change our
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baseline estimates. Appendix Figure A� plots the �SLS coe�cients on the indicator
for radiotherapy and corresponding ��% con�dence intervals from separate mod-
els with outcomes measured at the time indicated on the horizontal axis. Our esti-
mates are very similar whenwe include additional demographic characteristics (years
of schooling, marital status, immigration status, level of urbanization of residence),
the average of outcomes two to four years before diagnosis, or hospital �xed e�ects.��

Wenext check if the way we selected the analysis sample has any in�uence on our
estimates. Appendix FigureA�, constructed in the sameway asAppendix FigureA�,
shows that the estimates are robust when we exclude (i) women diagnosed in ����,
the year when some hospitals already adopted the revised guidelines, (ii) women re-
siding in areas where breast cancer screening programs were piloted, and (iii) women
who received lumpectomy as primary surgery.��

It is important to emphasize that the key identifying assumptions of �SLS are
ultimately untestable and we can never rule out all scenarios that can lead to their
violation. On their own, none of the checks described above is su�cient to claim the
validity of the �SLS assumptions. However, taken together they provide consistent
evidence that these assumptions are likely to hold in our context, and suggest that
our model is likely to yield causal estimates of radiation therapy.

�.� Treatment E�ect Heterogeneity and Potential Pathways
In this section, we explore treatment e�ect heterogeneity and discuss how radiother-
apy may impact patient health and labor supply. We present the heterogeneity in
our estimates along two dimensions: disease severity and socio-economic status. We
summarize disease severity using the predicted ��-year breast cancermortality from a
speci�cation including all disease characteristics using out-of-sample untreated units
(Abadie et al., ����). In particular, we estimate a probit speci�cation where the out-
come is an indicator for dying from breast cancer during the ten years after diagnosis
and the control variables are the disease characteristics described in Section �. We

��Our inference is also robust to alternative levels of clustering. In particular, we con�rm that our
results (available upon request) are not sensitive to clustering at the level of age at diagnosis or the
health care region in which the patient resides.

��Our results are also similar when excluding women diagnosed with breast cancer in the last two
quarters of ���� or who were treated in hospitals that implemented the new guidelines early.

��



estimate this model using all the breast cancer patients diagnosed during our sample
period who are not included in our analysis sample and who are not treated with ra-
diation therapy. We next use these estimates to predict the probability of death from
breast cancerwithin �� years for all thewomen in our analysis sample. Finally, in each
year we take the median predicted mortality rate in our sample and classify women
diagnosed in that year as above or below the median.

Appendix FigureA�plots the�SLS coe�cients on the indicator for radiotherapy
and corresponding ��% con�dence intervals for the full analysis sample and for the
sub-samples with high (above median) and low (below median) breast-cancer mor-
tality risk. Similar to the previous �gures, each coe�cient is obtained from a separate
modelwith outcomemeasured at the time indicated on thehorizontal axis. Themor-
tality gains are similar in the two subsamples soon after diagnosis but they start to di-
verge in year six. Ten years after diagnosis, higher-risk women treated with radiation
therapy are ��.� percentage points less likely to die (mean mortality among the un-
treated patients: ��.�%), while themortality rate of lower-riskwomen is reduced by a
statistically insigni�cant �.� percentage points (meanmortality among the untreated
patients: ��.�%). In addition, the labor market bene�ts documented in the full sam-
ple are mainly driven by women with high mortality risk and that these di�erences
emerge as early as two years after diagnosis. Among high-risk women, radiotherapy
increases the probability of employment by ��.� percentage points and annual labor
earnings by more than DKK ��,��� (USD �,���) ten years after cancer diagnosis.
The corresponding estimates for women with below-the-median mortality risk are
much smaller, both in absolute and in relative terms, and not statistically signi�cant.

Given the previous literature that �nds a socioeconomic gradient in breast can-
cer mortality (e.g., Palme and Simeonova, ����), in Appendix Figure A� we show
the heterogeneity in the estimates by patient socioeconomic status as proxied by ed-
ucation. We classify women as highly educated if they have at least some postsec-
ondary education (i.e., more than �� years of schooling). Appendix Figures A�a
and A�b show that highly-educated and low-educated women have similar short-
run mortality gains from radiation therapy but treatment reduces long-run mortal-
ity only among highly-educated patients. Our results suggest that highly-educated
womenwho receive combined chemotherapy and radiation therapy are ��.�percent-
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age points less likely to die during the ten years after diagnosis, a ��% decline relative
to the ��% mean mortality risk among the untreated. The results for low-educated
individuals, on the other hand, indicate a statistically insigni�cant � percentage point
reduction inmortality risk (relative to a ��.�%baseline) ten years after diagnosis. The
remaining �gures present heterogeneity results for labor market outcomes. We �nd
that the economic gains related to radiotherapy are observed exclusively among in-
dividuals with postsecondary education and appear soon after cancer diagnosis. Ten
years after diagnosis, highly-educated women treated with radiation therapy are ��.�
percentage points (��%) more likely to be employed and have DKK ��,��� (USD
��,��� or ��%) higher labor earnings. The point estimates among the low-educated
women are much smaller and not statistically signi�cant. The fact that the employ-
ment bene�ts are concentrated among highly-educated women is consistent with
prior research that �nds that the economic bene�ts from medical innovation (mea-
sured by the number of approved drugs and a patent index) in Canada are experi-
enced only by cancer patients with postsecondary education (Jeon and Pohl, ����).

What explains the documented treatment heterogeneity by education? In Ap-
pendixTableA��, we examine the e�ects of radiation therapyon long-runbreast can-
cer recurrence. The �rst panel presents �SLS estimates for highly-educated women
while the second panel focuses on low-educated patients. In column (�), we estimate
our baseline speci�cation using an indicator for breast cancer recurrence within ten
years of diagnosis as the outcome. We �nd that radiotherapy leads to signi�cant de-
clines in the likelihood of recurrence among highly-educated women but not among
low-educated women. Themagnitudes suggest that the e�ects on the long-runmor-
tality of highly-educated women are entirely due to a reduction in recurrence. In
column (�), we examine whether the observed di�erencesmay be due to the fact that
highly-educated patients have access to better quality providers. Including hospi-
tal �xed e�ects has no impact on the estimated gaps by education. In column (�),
we check whether the di�erences may be driven by di�erential adoption of cancer
screenings by highly-educated women residing in areas where pilot screening pro-
grams were implemented. The estimated heterogeneity by education remains when
we exclude patients residing in the areas where universal breast cancer screening pro-
grams were introduced during our study period. Appendix Figure A� con�rms that
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the heterogeneity in our main outcomes are also robust to these checks.��

Appendix Table A�� provides further evidence on the comparability of disease
severity by patient education. Column (�) reproduces descriptive statistics on disease
characteristics in the analysis sample, while columns (�)–(�) describe disease charac-
teristics of low- and highly-educated patients, respectively. The results suggest that
aside from a minor di�erence in the type of primary surgery, patients with high and
low education have very similar disease traits. The last row summarizes these di�er-
ences by presenting the average predicted ��-year breast cancer mortality in the two
groups. We �nd that low-educated women have a slightly higher predictedmortality
but we cannot reject the equality of the predictedmortality risks in the two groups.��

The fact that the education gradient in the e�ects on mortality is driven by dif-
ferences in recurrence and not by di�erences in provider quality or disease severity
suggests that lifestyle factors, such as diet, exercise, smoking, and alcohol use, may be
an important mechanism. Our data are not suitable to examine this hypothesis but
such an explanation is consistent with prior medical studies that �nd a strong cor-
relation between lifestyle di�erences and risk of breast cancer recurrence (Cannioto
et al., ����) and between education and lifestyle factors (Puka et al., ����).

Di�erences in health behaviors and the resulting di�erences in mortality, how-
ever, cannot explain fully the estimated di�erences in the economic gains by educa-
tion.�� One possible pathway behind the heterogeneity in the e�ects of treatment on
labormarket outcomes could be that low-educated patients havemore physically de-

��Another potential explanation could be di�erences by education in adherence to cancer treat-
ment. Suchdi�erences can occur even inDenmarkwhere health care is universal, for example, because
low-educated women are more likely to live in rural areas farther away from treatment centers (��.�%
as compared to ��.�% for highly-educated women). Register data on the number of treatments exist
only starting from ����, so we can only provide suggestive evidence on thismechanism. In the sample
of women diagnosed with breast cancer between ����–����, who had similar disease characteristics
as the women in our analysis sample, and for whom we were able to �nd information on treatments,
the average number of radiotherapy treatments is ��.� for highly-educated women and ��.� for low-
educated women. The corresponding numbers for chemotherapy treatments are �.� and �.�. This
suggests that the education gradient in the e�ect of radiation therapy on mortality and recurrence is
unlikely to be due to di�erences in treatment adherence.

��Recall that we �nd larger returns to radiotherapy treatment among patients with higher pre-
dicted mortality risk. As such, disease severity di�erences cannot explain the lower returns to treat-
ment among low-educated patients.

��We �nd that radiation therapy reduces highly-educated women’s long-run mortality risk by ��.�
percentage points and increases their probability of being employed by ��.� percentage points.
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manding occupations thatmake it di�cult toworkwhile undergoingmore intensive
treatments. To shed light on this, we characterize the physical intensity of a patient’s
pre-diagnosis occupation using theMetabolic Equivalent of Task (MET) values pro-
vided by Deyaert et al. (����).�� Occupations are considered physically light if the
MET value is less than �, physically moderate if theMET value is �–�, and vigorous
if the MET value is above �. We have information on ��� women’s occupation two
years before diagnosis (��� in ) 95 and ��� in the comparison group).�� Similar to
the full analysis sample, roughly ��% of these women are highly educated. The over-
whelming majority of women are employed in occupations that are physically light,
regardless of educational attainment (��.�% of highly-educated and ��.�% of low-
educated) and no women in our sample have physically vigorous occupations. That
said, a higher proportion of low-educated women (�.�%) work in physically moder-
ate occupations relative to highly-educatedwomen (�.�%). Moreover, whenwe focus
on the distribution of MTE values among women with physically light jobs, we see
that the distribution is shifted to the left for highly-educated women (see Appendix
FigureA��), suggesting that low-educatedwomen employed in physically light occu-
pations have physically more demanding tasks. Overall, we cautiously interpret this
evidence to suggest a role for the physical demands of occupations on the employ-
ment e�ects of radiotherapy treatment.

� Conclusions
This paper uses rich clinical and administrative data from Denmark to study the ef-
fects of radiation therapy on themortality and labor supply of breast cancer patients.

��METvaluewas originally developed by (Ainsworth et al., ����). The authors complied an exten-
sive list of daily tasks and calculated the associated physical activity energy expenditure. MET value of
a task represents the intensity of the activity as the ratio of work metabolic rate to resting metabolic
rate. OneMET is equal to � kcal/kg/h and roughly captures the energy cost of sitting quietly. Deyaert
et al. (����) used detailed task de�nitions under each ���� International Standard Classi�cation of
Occupations (ISCO-��) to calculate meanMET values.

��The occupation codes (available from ����) are extracted by Statistics Denmark from the occu-
pations reported in payrolls by employers. If there is no such information, then the occupation is
imputed from the type of the highest degree obtained, the unemployment fund to which the per-
son contributes, or the industry of employment. Even with the imputation it is still impossible to
determine the occupation of a relatively large number of persons during our analysis period.

��



In order to identify the causal e�ects, we exploit variation in radiotherapy eligibility
stemming fromamedical guideline change in ����. We�nd that patientswho receive
combined chemotherapy and radiotherapy are signi�cantly less likely to die relative
to patients who are only treated with chemotherapy. Our results suggest that radi-
ation therapy reduces the likelihood of death by roughly ��% within the ten years
after diagnosis. We next examine the e�ects of treatment on labor market outcomes
and �nd that radiation therapy has major economic bene�ts. Our �ndings indicate
that, ten years after diagnosis, treated women are ��% more likely to be employed
and earn ��%more than untreated patients. We also �nd some evidence that treated
patients are less likely to rely onwelfare, with treatment reducing the cumulative risk
of receiving government transfers ten years after diagnosis by �� percentage points.

In the last part of the paper, we show that the estimated mortality and economic
gains are driven by patients with post-secondary education. Data limitations do not
allowus to investigate theprecisemechanismsbehind these heterogeneous e�ects but
we are able to rule out that they are due to di�erences in provider quality, in access
to screening programs, and in disease severity by education. We also document that
the long-runmortality reductions are entirely due to a decline in breast cancer recur-
rence. Given prior studies documenting lifestyle di�erences by education and those
linking lifestyle factors to risk of recurrence, we argue that health behaviors could be
an important pathway. Finally, we explore the role of di�erences in the physical de-
mands of jobs as a mediator of the heterogeneous e�ects on labor market outcomes.
We show that low educated women are more likely then high educated women to
work in jobs with moderate physical demands and that they have more physically-
demanding tasks in occupations that are generally not physically demanding.

Given that an increasing share of breast cancer patients are diagnosed during their
working years, understanding the e�ects of cancer treatments on socio-economic
outcomes becomes even more important. Taken together, our results suggest that
cancer treatments not only impact survival but also lead to large economic gains
which should be consideredwhen assessing the cost-e�ectiveness of new cancer treat-
ments. Our �nding that mortality and economic gains are driven by the highly ed-
ucated in a country with universal health insurance further suggests that equalizing
access to treatment may not be su�cient to reduce inequalities in health.
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Notes: This �gure presents the regression-adjusted probability of receiving radiation therapy
by year of diagnosis. We regress the indicator for receipt of radiation therapy on the character-
istics that determine radiotherapy eligibility, separately for ) 95 and the comparison group.
Each dot plots the average of the residuals from these regressions for women diagnosed in the
year indicated on the horizontal axis. The solid line represents the women in) 95 while the
dashed line represents the women in the comparison group.

Figure �: The E�ect of the ����Guideline Change on Radiation Therapy Take-Up
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Notes: Each point and vertical segment represent the �SLS estimate and its corresponding
��% con�dence interval for the coe�cient of the radiotherapy indicator from a di�erent re-
gression based on Equation (�) for the outcome indicated, measured at the time shown on
the horizontal axis.

Figure �: E�ects of Radiation Therapy onMortality, �SLS Estimates
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(a) Employment Status

(b) Income

Notes: Each point and vertical segment represent the �SLS estimate and its corresponding
��% con�dence interval for the coe�cient of the radiotherapy indicator from a di�erent re-
gression based on Equation (�) for the outcome indicated, measured at the time shown on
the horizontal axis.

Figure �: E�ects of Radiation Therapy on Labor Market Outcomes, �SLS
Estimates
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Table �: Descriptive Statistics

Variable name All RT No RT >-value
(�) (�) (�) (�)

Panel A: Demographic Characteristics
Age at diagnosis 43.52 42.90 44.18 0.000

(5.64) (5.91) (5.25)
Years of education 12.87 13.04 12.70 0.003

(2.99) (2.88) (3.09)
Married? 0.70 0.66 0.73 0.000
Immigrant? 0.04 0.04 0.04 0.971
Characteristics �-� years pre-diagnosis

Employed? 0.84 0.84 0.84 0.862
Unemployed? 0.06 0.06 0.06 0.862
Out of the labor force? 0.10 0.10 0.10 0.909
Labor earnings (thousands) 220.39 224.90 215.58 0.080

(141.51) (145.99) (136.45)
Gross personal income (thousands) 278.43 285.63 270.74 0.001

(122.64) (125.86) (118.67)

Panel B: Disease Pathology
Tumor size in mm 26.04 27.63 24.34 0.000

 ��mm? 0.49 0.46 0.52 0.000
��–��mm? 0.44 0.45 0.43 0.249
� ��mm? 0.07 0.10 0.05 0.000

Number of positive nodes 2.61 3.64 1.51 0.000
Zero? 0.39 0.30 0.50 0.000
�–�? 0.34 0.31 0.38 0.000
�+? 0.26 0.39 0.12 0.000

Carcinoma not removed micro-radically? 0.04 0.06 0.01 0.000
Had mastectomy? 0.82 0.69 0.96 0.000
Had lumpectomy? 0.15 0.29 0.01 0.000
Had lumpectomy followed by mastectomy? 0.03 0.03 0.03 0.859

Panel C: Health Outcomes
Died:

� year after diagnosis? 0.01 0.02 0.01 0.002
� years after diagnosis? 0.20 0.22 0.18 0.014
�� years after diagnosis? 0.32 0.35 0.30 0.006

Died of breast cancer:
� years after diagnosis? 0.19 0.21 0.17 0.005
�� years after diagnosis? 0.30 0.33 0.28 0.002

��



Table � (cont.): Descriptive Statistics

Variable name All RT No RT >-value
(�) (�) (�) (�)

Panel D: Labor Market Outcomes
Employed:

� years after diagnosis? 0.56 0.55 0.57 0.340
�� years after diagnosis? 0.43 0.43 0.42 0.778

Unemployed:
� years after diagnosis? 0.02 0.02 0.02 0.872
�� years after diagnosis? 0.02 0.01 0.02 0.071

Out of the labor force:
� years after diagnosis? 0.42 0.42 0.41 0.311
�� years after diagnosis? 0.56 0.56 0.55 0.843

Labor earnings (thousands):
� years after diagnosis? 174.01 178.65 169.04 0.143

(174.39) (178.07) (170.28)
�� years after diagnosis? 147.85 151.73 143.70 0.243

(183.12) (188.50) (177.16)
Gross personal income (thousands):

� years after diagnosis? 233.37 235.10 231.52 0.578
(171.22) (178.49) (163.14)

�� years after diagnosis? 202.35 200.39 204.45 0.559
(185.06) (189.80) (179.89)

Any government transfer:
�–� years after diagnosis? 0.48 0.55 0.41 0.000
�–�� years after diagnosis? 0.35 0.38 0.33 0.006

Sickness bene�ts:
�–� years after diagnosis? 0.35 0.41 0.29 0.000
�–�� years after diagnosis? 0.24 0.25 0.23 0.323

Disability bene�ts:
�–� years after diagnosis? 0.16 0.19 0.13 0.000
�–�� years after diagnosis? 0.15 0.17 0.13 0.006

Number of Observations �,��� �,��� �,���

Notes: Columns �–� present the mean (standard deviation in parentheses) of the characteristic indi-
cated in the row in the sample indicated in the column. Variable names ending in a question mark are
dummy variables with one being yes and zero being no, while variables with monetary values are ex-
pressed in thousands of ����DKK.Demographic characteristics aremeasured in the year of diagnosis
or averaged over the period �–� years before diagnosis, as indicated. Column � presents >-values for
the test of equality of the means between patients receiving and not receiving radiotherapy.
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Table �: E�ects of Adjuvant Radiation Therapy on Government Transfers, �SLS
Estimates

Years since diagnosis
�–� �–��
(�) (�)

Any government transfer? �0.091⇤⇤ �0.097⇤
(0.037) (0.049)

Mean outcome 0.411 0.328

Sickness bene�ts? �0.078⇤⇤ �0.085⇤
(0.039) (0.044)

Mean outcome 0.285 0.230

Disability pension? �0.030 �0.049
(0.033) (0.035)

Mean outcome 0.125 0.128

Number of weeks with any government transfer �4.837 �9.225
(6.424) (7.950)

Mean outcome 28.181 31.187

Number of weeks on sickness bene�ts �3.463 �3.449⇤
(2.520) (2.041)

Mean outcome 8.443 9.558

Number of weeks on disability pension �2.831 �5.554
(6.195) (8.041)

Mean outcome 21.961 31.596

Notes: �SLS estimates of Equation (�), estimated in the full analysis sample (# = 2,823).
Each cell presents the estimate of the coe�cient on the indicator for radiotherapy from a
separate regression for the outcome indicated in the row aggregated over the period indicated
in the column. All speci�cations include all possible interactions of the characteristics that
determine eligibility for radiation treatment, as well as indicators for year of diagnosis and for
the type of chemotherapy treatment (trial arm). The instrument is the interaction between
an indicator for thewomanbelonging to the) 95 group and an indicator for being diagnosed
after ����. Variable names ending in a question mark are dummy variables with one being
yes and zero being no. The reported mean of the outcome is calculated among women who
do not receive radiotherapy. Standard errors are clustered at the hospital level. Signi�cance
levels: * p<�.� ** p<�.�� *** p<�.��.
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A� Additional Sources of Income Insurance Against Health Shocks
Unemployment Insurance. InDenmark, employers have the right to terminate the employment ofworkers who
have been on sick leave for extended periods of time, typically a total of ��� days during a period of �� months.
Unlike other forms of social security, unemployment insurance is not automatic. Instead, individuals must apply
to becomemembers of an unemployment fund (A-kasse). During our study period around ��%of individuals were
members of an A-kasse.

Members of an A-kasse are entitled to unemployment bene�ts if they are employed for at least ��weeks during
the previous � years. During our study period, members could receive bene�ts for a maximum period of � years
(until ����) or � years (after ����). Bene�t amounts were calculated as ��% of the earnings in the year before the
job loss with a maximumweekly amount of DKK �,��� (���USD) in ����.

Social Assistance. Bene�ts providedby the social assistance programaremeans-tested and also dependon age and
marital status. During our study period, social assistance bene�ts typically amounted to �� to ��%of themaximum
level of unemployment bene�ts (Pedersen and Larsen, ����). In contrast to unemployment bene�ts, individuals
could receive social assistance bene�ts for an unlimited period of time.

Early Retirement. Individuals who are members of an unemployment insurance fund and have been so for a
su�ciently long period of time are eligible for early retirement before the full retirement age. The full retirement
age for individuals born before July �, ���� is ��. Individuals born after that date are eligible for retirement at age
��. Both groups are eligible for early retirement at age ��. Individuals transition into the old-age pension program
at the full-retirement age. The early retirement pension was reformed several times during the course of our study.
The bene�t levels typically equaled ��-���% of the maximum unemployment insurance bene�t level, depending
on the age of entry into early retirement (Bingley et al., ����).
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≥4 positive lymph nodes: 
Receives radiation

<4 positive lymph nodes 

≤ 45 years of age

> 45 years of age

Pre-menopausal

Post-menopausal:
No radiation

Low risk: 
No radiation

Mastectomy

Lumpectomy:
Receives radiation

High risk, all other:
Receives radiation starting 
in January 1995

High risk only because of 
stage II/III ductal carcinoma:
No radiation

Low risk: 
No radiation

High risk only because of 
stage II/III ductal carcinoma:
No radiation

High risk, all other:
Receives radiation starting 
in January 1995

Figure A�: Eligibility for Radiation Therapy, ����-����
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Notes: This �gure presents the regression-adjusted probability of receiving radiation therapy by year and quarter of diagnosis.
We regress the indicator for receipt of radiation therapy on the characteristics that determine radiotherapy eligibility, separately
for ) 95 and the comparison group. Each dot plots the average of the residuals from these regressions for women diagnosed
in the year and quarter indicated on the horizontal axis. The solid line represents the women in ) 95 while the dashed line
represents the women in the comparison group.

Figure A�: The E�ect of the ����Guideline Change on Radiation Therapy Take-Up, Quarterly Data
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Notes: Eachmarker represents the >-value for a test of joint signi�cance of the interaction terms between the) 95 indicator and
the year of diagnosis indicators for the period ����–���� (reference year = ����) from a speci�cation based on Equation (�),
with the outcome indicated measured at the time shown on the horizontal axis.

Figure A�: Distribution of >-values Corresponding to Tests of Parallel Trends, All Outcomes

�



(a) Mortality

(b) Employment Status (c) Income

Notes: Each point and vertical segment represent the �SLS estimate of Equation (�) and its corresponding ��% con�dence in-
terval for the coe�cient of the radiotherapy indicator. We estimate separate �SLSmodels for the outcome indicated, measured
at the time shown on the horizontal axis.

Figure A�: Placebo E�ects of Radiation Therapy Guideline Change Among the Control Group
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(a) Died of any cause (b) Died of breast cancer

(c) Employed (d) Unemployed

Notes: Each point and vertical segment represent the �SLS estimate of Equation (�) and its corresponding ��% con�dence in-
terval for the coe�cient of the radiotherapy indicator. We estimate separate �SLSmodels for the outcome indicated, measured
at the time shownon the horizontal axis. “Baseline” represents our baseline speci�cation, Equation (�). “Extra controls,” “Hos-
pital FEs,” and “Pre-diag outcomes” indicate speci�cations that add to Equation (�) the demographic characteristics listed in
Table �, �xed e�ects for the treatment hospital, or the average of the corresponding outcome over the period �–� years before
diagnosis, respectively.

Figure A�: Robustness of Results to Model Speci�cation
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(e) Out of the labor force (f) Labor income

(g) Total income (h) Any welfare

Notes: Each point and vertical segment represent the �SLS estimate of Equation (�) and its corresponding ��% con�dence in-
terval for the coe�cient of the radiotherapy indicator. We estimate separate �SLSmodels for the outcome indicated, measured
at the time shownon the horizontal axis. “Baseline” represents our baseline speci�cation, Equation (�). “Extra controls,” “Hos-
pital FEs,” and “Pre-diag outcomes” indicate speci�cations that add to Equation (�) the demographic characteristics listed in
Table �, �xed e�ects for the treatment hospital, or the average of the corresponding outcome over the period �–� years before
diagnosis, respectively.

Figure A� (cont.): Robustness of Results to Model Speci�cation
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(i) Disability bene�ts (j) Sickness bene�ts

Notes: Each point and vertical segment represent the �SLS estimate of Equation (�) and its corresponding ��% con�dence in-
terval for the coe�cient of the radiotherapy indicator. We estimate separate �SLSmodels for the outcome indicated, measured
at the time shownon the horizontal axis. “Baseline” represents our baseline speci�cation, Equation (�). “Extra controls,” “Hos-
pital FEs,” and “Pre-diag outcomes” indicate speci�cations that add to Equation (�) the demographic characteristics listed in
Table �, �xed e�ects for the treatment hospital, or the average of the corresponding outcome over the period �–� years before
diagnosis, respectively.

Figure A� (cont.): Robustness of Results to Model Speci�cation
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(a) Died of any cause (b) Died of breast cancer

(c) Employed (d) Unemployed

Notes: Each point and vertical segment represent the �SLS estimate of Equation (�) and its corresponding ��% con�dence in-
terval for the coe�cient of the radiotherapy indicator. We estimate separate �SLSmodels for the outcome indicated, measured
at the time shown on the horizontal axis. “Baseline” represents our baseline speci�cation, Equation (�), estimated in the full
analysis sample. “Excluding ����,” “Excluding screening,” and “Excluding lumpectomies” indicate that the estimation is con-
ducted after excluding from the analysis sample women diagnosed in ����, women residing in areas that introduced universal
breast cancer screening programs during our sample period, or women whose tumors were removed through lumpectomy,
respectively.

Figure A�: Robustness of Results to Sample Selection
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(e) Out of the labor force (f) Labor income

(g) Total income (h) Any welfare

Notes: Each point and vertical segment represent the �SLS estimate of Equation (�) and its corresponding ��% con�dence in-
terval for the coe�cient of the radiotherapy indicator. We estimate separate �SLSmodels for the outcome indicated, measured
at the time shown on the horizontal axis. “Baseline” represents our baseline speci�cation, Equation (�), estimated in the full
analysis sample. “Excluding ����,” “Excluding screening,” and “Excluding lumpectomies” indicate that the estimation is con-
ducted after excluding from the analysis sample women diagnosed in ����, women residing in areas that introduced universal
breast cancer screening programs during our sample period, or women whose tumors were removed through lumpectomy,
respectively.

Figure A� (cont.): Robustness of Results to Sample Selection
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(i) Disability bene�ts (j) Sickness bene�ts

Notes: Each point and vertical segment represent the �SLS estimate of Equation (�) and its corresponding ��% con�dence in-
terval for the coe�cient of the radiotherapy indicator. We estimate separate �SLSmodels for the outcome indicated, measured
at the time shown on the horizontal axis. “Baseline” represents our baseline speci�cation, Equation (�), estimated in the full
analysis sample. “Excluding ����,” “Excluding screening,” and “Excluding lumpectomies” indicate that the estimation is con-
ducted after excluding from the analysis sample women diagnosed in ����, women residing in areas that introduced universal
breast cancer screening programs during our sample period, or women whose tumors were removed through lumpectomy,
respectively.

Figure A� (cont.): Robustness of Results to Sample Selection
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(a) Died of any cause (b) Died of breast cancer

(c) Employed (d) Unemployed

Notes: Each point and vertical segment represent the �SLS estimate of Equation (�) and its corresponding ��% con�dence in-
terval for the coe�cient of the radiotherapy indicator. We estimate separate �SLSmodels for the outcome indicated, measured
at the time shown on the horizontal axis. “Baseline” represents our baseline speci�cation, Equation (�), estimated in the full
analysis sample. “Below median” and “Above median” indicate that the estimation is conducted in the subsample of women
with predicted ��-year breast cancer mortality above or below the median in their year of diagnosis, respectively. Predicted
��-year breast cancer mortality is obtained by applying to our analysis sample the prediction from a probit regression of an
indicator for dying from breast cancer during the ten years after diagnosis on the disease characteristics described in Section �,
estimated in the sample of all the breast cancer patients diagnosed during our sample period who are not included in our anal-
ysis sample and who are not treated with radiation therapy.

Figure A�: Heterogeneous E�ects of Radiation Therapy by Predicted ��-year Mortality
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(e) Out of the labor force (f) Labor income

(g) Total income (h) Any welfare

Notes: Each point and vertical segment represent the �SLS estimate of Equation (�) and its corresponding ��% con�dence in-
terval for the coe�cient of the radiotherapy indicator. We estimate separate �SLSmodels for the outcome indicated, measured
at the time shown on the horizontal axis. “Baseline” represents our baseline speci�cation, Equation (�), estimated in the full
analysis sample. “Below median” and “Above median” indicate that the estimation is conducted in the subsample of women
with predicted ��-year breast cancer mortality above or below the median in their year of diagnosis, respectively. Predicted
��-year breast cancer mortality is obtained by applying to our analysis sample the prediction from a probit regression of an
indicator for dying from breast cancer during the ten years after diagnosis on the disease characteristics described in Section �,
estimated in the sample of all the breast cancer patients diagnosed during our sample period who are not included in our anal-
ysis sample and who are not treated with radiation therapy.

Figure A� (cont.): Heterogeneous E�ects of Radiation Therapy by Predicted ��-year Mortality
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(i) Sickness bene�ts (j) Disability bene�ts

Notes: Each point and vertical segment represent the �SLS estimate of Equation (�) and its corresponding ��% con�dence in-
terval for the coe�cient of the radiotherapy indicator. We estimate separate �SLSmodels for the outcome indicated, measured
at the time shown on the horizontal axis. “Baseline” represents our baseline speci�cation, Equation (�), estimated in the full
analysis sample. “Below median” and “Above median” indicate that the estimation is conducted in the subsample of women
with predicted ��-year breast cancer mortality above or below the median in their year of diagnosis, respectively. Predicted
��-year breast cancer mortality is obtained by applying to our analysis sample the prediction from a probit regression of an
indicator for dying from breast cancer during the ten years after diagnosis on the disease characteristics described in Section �,
estimated in the sample of all the breast cancer patients diagnosed during our sample period who are not included in our anal-
ysis sample and who are not treated with radiation therapy.

Figure A� (cont.): Heterogeneous E�ects of Radiation Therapy by Predicted ��-year Mortality
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(a) Died of any cause (b) Died of breast cancer

(c) Employed (d) Unemployed

Notes: Each point and vertical segment represent the �SLS estimate of Equation (�) and its corresponding ��% con�dence
interval for the coe�cient of the radiotherapy indicator. We estimate separate �SLS models for the outcome indicated, mea-
sured at the time shown on the horizontal axis. “Baseline” represents our baseline speci�cation, Equation (�), estimated in the
full analysis sample. “�� years or less” and “More than �� years” indicate that the estimation is conducted in the subsample of
women with at most �� years of education or with more than �� years of education, respectively.

Figure A�: Heterogeneous E�ects of Radiation Therapy by Patient Education
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(e) Out of the labor force (f) Labor income

(g) Total income (h) Any welfare

Notes: Each point and vertical segment represent the �SLS estimate of Equation (�) and its corresponding ��% con�dence
interval for the coe�cient of the radiotherapy indicator. We estimate separate �SLS models for the outcome indicated, mea-
sured at the time shown on the horizontal axis. “Baseline” represents our baseline speci�cation, Equation (�), estimated in the
full analysis sample. “�� years or less” and “More than �� years” indicate that the estimation is conducted in the subsample of
women with at most �� years of education or with more than �� years of education, respectively.

Figure A� (cont.): Heterogeneous E�ects of Radiation Therapy by Patient Education
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(i) Sickness bene�ts (j) Disability bene�ts

Notes: Each point and vertical segment represent the �SLS estimate of Equation (�) and its corresponding ��% con�dence
interval for the coe�cient of the radiotherapy indicator. We estimate separate �SLS models for the outcome indicated, mea-
sured at the time shown on the horizontal axis. “Baseline” represents our baseline speci�cation, Equation (�), estimated in the
full analysis sample. “�� years or less” and “More than �� years” indicate that the estimation is conducted in the subsample of
women with at most �� years of education or with more than �� years of education, respectively.

Figure A� (cont.): Heterogeneous E�ects of Radiation Therapy by Patient Education
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(a) Died (any cause), Highly-educated women (b) Died (any cause), Low-educated women

(c) Died from breast cancer, Highly-educated women (d) Died from breast cancer, Low-educated women

Notes: Each point and vertical segment represent the �SLS estimate of Equation (�) and its corresponding ��% con�dence
interval for the coe�cient of the radiotherapy indicator. We estimate separate �SLS models for the outcome indicated, mea-
sured at the time shown on the horizontal axis. “Baseline” represents our baseline speci�cation, Equation (�), estimated in the
subsample indicated in the �gure caption. “Hospital FEs” indicate a speci�cation that adds to Equation (�) �xed e�ects for
the treatment hospital, while “Excluding screening” indicates that the estimation of Equation (�) is conducted after excluding
from the subsample women residing in areas that introduced universal breast cancer screening programs during our sample
period.

Figure A�: Robustness of Heterogeneous E�ects by Education toModel Speci�cation
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(e) Employed, Highly-educated women (f) Employed, Low-educated women

(g) Out of the labor force, Highly-educated women (h) Out of the labor force, Low-educated women

Notes: Each point and vertical segment represent the �SLS estimate of Equation (�) and its corresponding ��% con�dence
interval for the coe�cient of the radiotherapy indicator. We estimate separate �SLS models for the outcome indicated, mea-
sured at the time shown on the horizontal axis. “Baseline” represents our baseline speci�cation, Equation (�), estimated in the
subsample indicated in the �gure caption. “Hospital FEs” indicate a speci�cation that adds to Equation (�) �xed e�ects for
the treatment hospital, while “Excluding screening” indicates that the estimation of Equation (�) is conducted after excluding
from the subsample women residing in areas that introduced universal breast cancer screening programs during our sample
period.

Figure A� (cont.): Robustness of Heterogeneous E�ects by Education toModel Speci�cation

��



(i) Labor income, Highly-educated women (j) Labor income, Low-educated women

(k) Total income, Highly-educated women (l) Total income, Low-educated women

Notes: Each point and vertical segment represent the �SLS estimate of Equation (�) and its corresponding ��% con�dence
interval for the coe�cient of the radiotherapy indicator. We estimate separate �SLS models for the outcome indicated, mea-
sured at the time shown on the horizontal axis. “Baseline” represents our baseline speci�cation, Equation (�), estimated in the
subsample indicated in the �gure caption. “Hospital FEs” indicate a speci�cation that adds to Equation (�) �xed e�ects for
the treatment hospital, while “Excluding screening” indicates that the estimation of Equation (�) is conducted after excluding
from the subsample women residing in areas that introduced universal breast cancer screening programs during our sample
period.

Figure A� (cont.): Robustness of Heterogeneous E�ects by Education toModel Speci�cation
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Notes: Kernel density estimates of the distribution ofMetabolic Equivalent ofTask values in our analysis sample. Loweducated
women (solid line) are women with at most �� years of education, while highly-educated women (dotted line) have more than
�� years of education. The Metabolic Value of Task is assigned to each woman based on their occupation two years prior to
diagnosis (see Deyaert et al., ����, for details on the de�nition and calculation of the Metabolic Equivalent of Task values).
The distribution is truncated at � (less than �% of women are excluded).

Figure A��: Distribution of Metabolic Task Equivalent by Patient Education
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Table A�: Sample Construction

Number of observations
Diagnosed between ����-����: ��,���
—not in DBCG�� �,���
—post-menopausal ��,���
— low or unknown risk �,���
—always eligible for whom intensity changed ���
—missing values for key variables: ���
—age ��+ at the time of diagnosis: ��

Analysis sample �,���
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Table A�: E�ects of Adjuvant Radiation Therapy on Government Transfers, OLS Estimates

Years since diagnosis
�–� �–��
(�) (�)

Any government transfer? �0.032 �0.031
(0.023) (0.026)

Mean outcome 0.411 0.328

Sickness bene�ts? �0.031 �0.046⇤
(0.026) (0.025)

Mean outcome 0.285 0.230

Disability pension? �0.007 �0.001
(0.016) (0.020)

Mean outcome 0.125 0.128

Number of weeks with any government transfer 0.191 1.135
(3.495) (4.383)

Mean outcome 28.181 31.187

Number of weeks on sickness bene�ts 2.553 4.558
(3.666) (5.244)

Mean outcome 21.961 31.596

Number of weeks on disability pension �0.031 �0.046⇤
(0.026) (0.025)

Mean outcome 0.285 0.230

Notes:OLS estimates based on Equation (�), estimated in the full analysis sample (# = 2,823). Each cell presents the estimate
of the coe�cient on the indicator for radiotherapy from a separate regression for the outcome indicated in the row aggregated
over the period indicated in the column. All speci�cations include all possible interactions of the characteristics that determine
eligibility for radiation treatment, as well as indicators for year of diagnosis and for the type of chemotherapy treatment (trial
arm). Variable names ending in a questionmark are dummy variables with one being yes and zero being no. The reportedmean
of the outcome is calculated among the control group (always and never eligible women) diagnosed in the period ����–����,
before the change in guidelines. Standard errors are clustered at the hospital level. Signi�cance levels: * p<�.� ** p<�.�� ***
p<�.��.
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Table A�: E�ects of the ����Guideline Change on Government Transfers (Reduced-Form Estimates)

Years since diagnosis
�–� �–��
(�) (�)

Any government transfer? �0.068⇤⇤ �0.073⇤⇤
(0.028) (0.037)

Mean outcome 0.411 0.328

Sickness bene�ts? �0.059⇤⇤ �0.064⇤
(0.029) (0.033)

Mean outcome 0.285 0.230

Disability pension? �0.023 �0.037
(0.025) (0.026)

Mean outcome 0.125 0.128

Number of weeks with any government transfer �3.641 �6.944
(4.810) (5.938)

Mean outcome 28.181 31.187

Number of weeks on sickness bene�ts �2.607 �2.596⇤
(1.901) (1.525)

Mean outcome 8.443 9.558

Number of weeks on disability pension �2.131 �4.181
(4.653) (6.044)

Mean outcome 21.961 31.596

Notes:OLS estimates of the reduced-form inEquation (�), estimated in the full analysis sample (# = 2,823). Each cell presents
the estimate of the coe�cient on the instrument () 957 % =AB95B ) from a separate regression for the outcome indicated in the
row aggregated over the period indicated in the column. All speci�cations include all possible interactions of the characteristics
that determine eligibility for radiation treatment, as well as indicators for year of diagnosis and for the type of chemotherapy
treatment (trial arm). Variable names ending in a question mark are dummy variables with one being yes and zero being no.
The reported mean of the outcome is calculated among the control group (always and never eligible women) diagnosed in the
period ����–����, before the change in guidelines. Standard errors are clustered at the hospital level. Signi�cance levels: *
p<�.� ** p<�.�� *** p<�.��.
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Table A�: Descriptive Statistics,) 95 versus Comparison Patients Diagnosed During ����–����

T�� Control group >-value
Variable name (�) (�) (�)
Panel A: Disease Pathology
Tumor size in mm 28.86 25.30 0.000

(19.35) (16.62)
 ��mm? 0.45 0.50 0.034
��–��mm? 0.45 0.44 0.810
� ��mm? 0.11 0.06 0.001

Number of positive nodes 2.94 2.46 0.010
(3.22) (4.12)

Zero? 0.02 0.67 0.000
�–�? 0.76 0.00 0.000
�+? 0.22 0.33 0.000

Carcinoma not removed micro-radically? 0.00 0.09 0.000
Had mastectomy? 0.98 0.72 0.000
Had lumpectomy? 0.00 0.26 0.000
Had lumpectomy followed by mastectomy? 0.02 0.02 0.587

Panel B: Demographic Characteristics
Age at diagnosis 45.04 41.99 0.000

(5.24) (5.44)
Years of education 12.49 12.79 0.062

(3.15) (3.04)
Married? 0.71 0.71 0.910
Immigrant? 0.03 0.04 0.422
Characteristics �-� years pre-diagnosis
Employed? 0.83 0.86 0.063
Unemployed? 0.07 0.05 0.046
Out of the labor force? 0.10 0.08 0.375
Labor earnings (thousands) 208.92 217.47 0.216

(133.18) (134.24)
Gross personal income (thousands) 262.15 268.20 0.311

(115.98) (114.72)
Number of Observations ��� ���

Notes: Columns � and � present the mean (standard deviation in parentheses) of the characteristic indicated in the row in the
sample indicated in the column among women diagnosed between ����–����. Variable names ending in a question mark are
dummy variables with one being yes and zero being no, while variables with monetary values are expressed in thousands of
���� DKK. Demographic characteristics are measured in the year of diagnosis or averaged over the period �–� years before
diagnosis, as indicated. Column � presents >-values for the test of equality of the means between patients receiving and not
receiving radiotherapy.
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Table A�: E�ects of the ����Guideline Change on Predetermined Patient Characteristics and Pre-diagnosis
Outcomes

A. Pre-diagnosis outcomes B. Predetermined characteristics
(�) (�)

Employed? 0.021 Years of education 0.142
(0.026) (0.210)

Observations �,��� Observations �,���
Mean outcome 0.829 Mean outcome 12.485

Unemployed? �0.034⇤⇤ Married? �0.031
(0.015) (0.032)

Observations �,��� Observations �,���
Mean outcome 0.075 Mean outcome 0.714

Out of labor force? 0.012 Immigrant? �0.004
(0.023) (0.018)

Observations �,��� Observations �,���
Mean outcome 0.095 Mean outcome 0.030

Labor earnings 10.319
(12.178)

Observations �,���
Mean outcome 208.924

Total income 10.631
(11.542)

Observations �,���
Mean outcome 262.151

Notes:OLS estimates of the reduced-form in Equation (�), estimated in the full analysis sample. Each cell presents the estimate
of the coe�cient on the instrument () 957 % =AB95B ) from a separate regression for the outcome indicated in the row averaged
over the period �–� years before diagnosis (Panel A) or measured in the year of diagnosis (Panel B). All speci�cations include
all possible interactions of the characteristics that determine eligibility for radiation treatment, as well as indicators for year
of diagnosis and for the type of chemotherapy treatment (trial arm). Variable names ending in a question mark are dummy
variables with one being yes and zero being no, while variables withmonetary values are expressed in thousands of ����DKK.
The reported mean of the outcome is calculated among the control group (always and never eligible women) diagnosed in the
period ����–����, before the change in guidelines. Standard errors are clustered at the hospital level. Signi�cance levels: *
p<�.� ** p<�.�� *** p<�.��.
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Table A�: E�ects of the ����Guideline Change on Adjuvant Radiation Therapy Take-Up in Di�erent
Subsamples

Baseline Years of education Pre-diagnosis labor income
 �� > �� median >median

(�) (�) (�) (�) (�)
) 95 ⇥ %=AB95 0.753⇤⇤⇤ 0.751⇤⇤⇤ 0.750⇤⇤⇤ 0.731⇤⇤⇤ 0.787⇤⇤⇤

(0.018) (0.035) (0.021) (0.031) (0.022)
Observations �,��� �,��� �,��� �,��� �,���

Baseline Marital status Predicted ��-year mortality
Single Married median >median

(�) (�) (�) (�) (�)
) 95 ⇥ %=AB95 0.753⇤⇤⇤ 0.766⇤⇤⇤ 0.758⇤⇤⇤ 0.825⇤⇤⇤ 0.680⇤⇤⇤

(0.018) (0.034) (0.021) (0.025) (0.031)
Observations �,��� ��� �,��� �,��� �,���

Notes:OLS estimates based on the �rst-stage Equation (�). Each cell presents the estimate of the coe�cient on the instrument
() 957 % =AB95B ) from a separate regression estimated in the sample indicated in the column heading. All speci�cations include
all possible interactions of the characteristics that determine eligibility for radiation treatment, as well as indicators for year
of diagnosis and for the type of chemotherapy treatment (trial arm). YEars of education and marital status are measured in
the year of diagnosis. Pre-diagnosis labor income is the average of the yearly labor income earned over the period �–� years
before diagnosis. Predicted ��-year breast cancermortality is obtained by applying to our analysis sample the prediction from a
probit regression of an indicator for dying from breast cancer during the ten years after diagnosis on the disease characteristics
described in Section �, estimated in the sample of all the breast cancer patients diagnosed during our sample periodwho are not
included in our analysis sample and who are not treated with radiation therapy. Standard errors are clustered at the hospital
level. Signi�cance levels: * p<�.� ** p<�.�� *** p<�.��.
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Table A��: Heterogeneous E�ects of Adjuvant Radiation Therapy on Recurrence, �SLS Estimates

Recurrence �� years after diagnosis
Baseline Hospital �xed e�ects Exclude screening areas

(�) (�) (�)
High-educated women �0.179⇤⇤⇤ �0.174⇤⇤⇤ �0.193⇤⇤⇤

(0.048) (0.047) (0.056)
Observations �,��� �,��� �,���
Mean outcome 0.486 0.489 0.484

Low-educated women �0.036 �0.039 �0.071
(0.076) (0.076) (0.084)

Observations �,��� �,��� ���
Mean outcome 0.487 0.486 0.485

Notes: �SLS estimates based on Equation (�), estimated in the subsample indicated in the row. Each cell presents the estimate
of the coe�cient on the indicator for radiotherapy from a separate regression using an indicator for recurrence at any point
during the �� years after diagnosis. All speci�cations include all possible interactions of the characteristics that determine
eligibility for radiation treatment, as well as indicators for year of diagnosis and for the type of chemotherapy treatment (trial
arm). The speci�cation in Column � adds �xed e�ects for the treatment hospital. The sample in Column � excludes women
residing in areas that introduced universal breast cancer screening programs during the sample period. The instrument is the
interaction between an indicator for the woman belonging to the) 95 group and an indicator for being diagnosed after ����.
Low-educatedwomen arewomenwith atmost �� years of schooling, while highly-educatedwomen havemore than �� years of
schooling. The reported mean of the outcome is calculated among women who do not receive radiotherapy. Standard errors
are clustered at the hospital level. Signi�cance levels: * p<�.� ** p<�.�� *** p<�.��.

��



Table A��: Disease Characteristics by Patient Education

All Low educated Highly-educated >-value
women women women
(�) (�) (�) (�)

Age at diagnosis 43.53 43.85 43.35 0.022
(5.64) (5.42) (5.76)

Tumor size in mm 26.06 26.12 26.02 0.881
(17.17) (17.06) (17.24)

 ��mm? 0.49 0.49 0.49 0.988
��–��mm? 0.44 0.43 0.44 0.749
� ��mm? 0.07 0.08 0.07 0.530

Number of positive nodes 2.58 2.59 2.58 0.901
(3.80) (3.74) (3.83)

Zero? 0.40 0.39 0.40 0.555
�–�? 0.34 0.35 0.34 0.552
�+? 0.26 0.26 0.26 0.991

Carcinoma not removed micro-radically? 0.04 0.04 0.03 0.337
Had mastectomy? 0.82 0.84 0.80 0.014
Had lumpectomy? 0.16 0.14 0.17 0.026
Had lumpectomy followed by mastectomy? 0.03 0.02 0.03 0.382
Predicted ��-year breast cancer mortality 0.50 0.53 0.48 0.010
Observations �,��� �,��� �,���

Notes: Columns �–� present the mean (standard deviation in parentheses) of the characteristic indicated in the row in the
sample indicated in the column. Variable names ending in a question mark are dummy variables with one being yes and zero
being no. Predicted ��-year breast cancer mortality is obtained by applying to our analysis sample the prediction from a pro-
bit regression of an indicator for dying from breast cancer during the ten years after diagnosis on the disease characteristics
described in Section �, estimated in the sample of all the breast cancer patients diagnosed during our sample period who are
not included in our analysis sample and who are not treated with radiation therapy. Column � presents >-values for the test
of equality of the means between low- and highly-educated women. Low-educated women are women with at most �� years
of schooling, while highly-educated women have more than �� years of schooling.
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