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Abstract

This thesis focuses on the effects of a cancer diagnosis on work outcomes of adoles-
cent and young adult (AYA) cancer patients and their partners. To estimate this
effect, difference-in-differences methods have been implemented on a treatment
and control group.

For patients, significant effects on different work related variables are found. Both
employment and hours worked when employed decrease significantly when diag-
nosed with cancer. Patients are also less likely to be self-employed. In the long
term they are less likely to have a permanent contract if they are employed.
The effects are larger for lower educated, female and married patients, as well
as for patients with a migration background. The magnitude of effects depends
on the type of tumor as well. Especially patients with Central Nervous System
tumors are at risk of losing their job. A higher disease stage at diagnosis and
more cancer treatments are associated with bigger effects.

The effects on partners of patients are smaller and often insignificant. A cancer
diagnosis seems to slightly increase the employment probability, though this ef-
fect is insignificant. Employed partners do significantly decrease their number of
hours worked.
The effect on employment for partners is mostly found for female partners. Fur-
ther, the effects strongly differ by the number of hours worked prior to the cancer
diagnosis. For partners that were unemployed or worked less than 400 hours in the
last year before treatment, the diagnosis is associated with a significant increase
in employment probability, while no employment effect is found for partners that
worked more than 400 hours in the last year before treatment.

Concluding, both patients as well as partners are affected, although the magnitude
of the effects are smaller for partners. Effects on partners differ highly between
groups, which is mostly notable for partners who worked a different number of
hours prior to diagnosis.

Note that for his master thesis, Ties Siebinga has previously used similar data at the Nether-
lands Cancer Institute. This study focuses on the effects on partners of AYA’s diagnosed with
cancer, on employment related outcomes and implements another difference in differences esti-
mator. However, some sections may have some similarity to his previous work due to the usage
of similar data and comparable type and goal of the research.

1



Acknowledgements

I would like to thank my thesis supervisor Bettina Siflinger for her guidance and
feedback while writing this thesis. I would also like to thank Silvie Janssen and
Olga Husson from the Netherlands Cancer Institute for their guidance, as well as
their expert knowledge provided.
Furthermore, I would like to thank the Netherlands Cancer Institute in general
for providing the opportunity to write a thesis on this subject and making the
data available to me.

2



Contents
1 Introduction 5

2 Literature overview 8

3 Data 10
3.1 Data about patients . . . . . . . . . . . . . . . . . . . . . . . . . 10
3.2 Data about partners of patients . . . . . . . . . . . . . . . . . . . 15

3.2.1 Breakup rate comparison . . . . . . . . . . . . . . . . . . . 18
3.3 Missing values education . . . . . . . . . . . . . . . . . . . . . . . 20
3.4 Imputation of missing values . . . . . . . . . . . . . . . . . . . . . 21

4 Methodology 25
4.1 Effect of treatment . . . . . . . . . . . . . . . . . . . . . . . . . . 25
4.2 Difference-in-Differences . . . . . . . . . . . . . . . . . . . . . . . 26
4.3 Two-Way Fixed Effects . . . . . . . . . . . . . . . . . . . . . . . . 29
4.4 Problems with TWFE . . . . . . . . . . . . . . . . . . . . . . . . 30
4.5 Quantifying treatment effect heterogeneity . . . . . . . . . . . . . 35

5 Results 37
5.1 Results Patients . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

5.1.1 Trend employment and hours worked . . . . . . . . . . . . 37
5.1.2 Overall treatment effects patients . . . . . . . . . . . . . . 40
5.1.3 Dynamic effects . . . . . . . . . . . . . . . . . . . . . . . . 42
5.1.4 Heterogeneity of effects . . . . . . . . . . . . . . . . . . . . 43

5.2 Results Partners . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
5.2.1 Trend employment and hours worked . . . . . . . . . . . . 44
5.2.2 Overall Treatment Effect . . . . . . . . . . . . . . . . . . . 47
5.2.3 Dynamic Treatment Effect . . . . . . . . . . . . . . . . . . 50
5.2.4 Heterogeneity Treatment Effect . . . . . . . . . . . . . . . 52

6 Robustness of estimates 55

7 Conclusion 58

8 Discussion 60

References 62

Appendices 68
A Literature overview effect cancer diagnosis on survivors . . . . . . 68
B Appendix to Section 3 . . . . . . . . . . . . . . . . . . . . . . . . 70
C Appendix to Section 4 . . . . . . . . . . . . . . . . . . . . . . . . 71

C.1 Appendix to Subsection 4.2 . . . . . . . . . . . . . . . . . 71

3



C.2 Appendix to Subsection 4.3 . . . . . . . . . . . . . . . . . 71
D Detailed results patients . . . . . . . . . . . . . . . . . . . . . . . 72

D.1 Appendix to Section 5.2.1 . . . . . . . . . . . . . . . . . . 72
D.2 Dynamics treatment effect . . . . . . . . . . . . . . . . . . 74
D.3 Heterogeneity treatment effect . . . . . . . . . . . . . . . . 74

E Detailed results partners . . . . . . . . . . . . . . . . . . . . . . . 79
F Appendix to Section 6 . . . . . . . . . . . . . . . . . . . . . . . . 84

4



1 Introduction
Over the past decades, the focus of cancer research has shifted more to the group of
adolescents and young adults (AYAs), a group into which little research had been
done before. This group consists of patients that were diagnosed with cancer when
they were between 18 and 39 years old1. Due to the recently performed research,
the survivor rate has improved steadily by 1 percent annually between 2008 and
2017. Nowadays over 80 percent of AYAs diagnosed with cancer survive at least
5 years. Besides that, the number of AYAs diagnosed with cancer has grown over
the past decades. Together, this implies the group of AYA cancer survivors has
grown steadily (S. H. Janssen, van der Graaf, van der Meer, Manten-Horst, &
Husson, 2021).

Due to the increasing number of AYAs that survived cancer, research into issues
these survivors face is increasingly important. AYA cancer survivors face health
issues, with the percentage of individuals suffering from a disability and poor
physical health being at least twice as big for AYA cancer survivors compared
to those that were not diagnosed with cancer. These health issues can affect
survivors in the long term (Tai et al., 2012). AYA survivors also experience psy-
chological challenges. AYA cancer survivors are three times more likely to suffer
from posttraumatic stress symptoms. Female survivors are more likely to suffer
from anxiety and depression as well (Seitz et al., 2010). In general AYA can-
cer survivors report a worse quality of life than the general population (Quinn,
Gonçalves, Sehovic, Bowman, & Reed, 2015).
Surviving cancer, when not specifically targeting AYAs, is also associated with
reduced income, employment and hours worked (Zajacova, Dowd, Schoeni, & Wal-
lace, 2015). The employment and hours worked of cacner survivors are affected
in the long term (Moran, Short, & Hollenbeak, 2011)2. Employment related is-
sues are reduced when survivors are provided with flexible working arrangements,
counseling, training and rehabilitation services (Mehnert, 2011). Other research
has connected reduced employment for cancer survivors not only to economic
problems, but to psychological problems as well (e.g. Peteet (2000), De Boer et
al. (2008) and Blinder and Gany (2020)). This stresses the importance of research
into employment effects of surviving cancer.

AYA patients likely suffer from employment related issues as well. However, only
a small number of studies investigates the effects of surviving cancer on employ-
ment specifically for AYAs. Telles (2021) finds that only 6.2 percent of research
into AYAs diagnosed with cancer addressed social, economic and demographic

1In the Netherlands AYA cancer patients are defined as those that are diagnosed with cancer
when 18-39 years old. In other countries ages sometimes differ slightly, with 15-39 year old often
being used to define AYAs.

2A more comprehensive overview of literature on work related issues is provided in Section 2.
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problems3. A search for articles concerning economic consequences of surviving
cancer for AYAs reveals only few articles in both medical and economics focused
journals. The small number of studies that address employment related conse-
quences of surviving cancer for AYAs are survey based. Further they each suffer
from other limitations, such as not using a control group.

While there has been little research into the socioeconomic effects of being diag-
nosed with cancer as AYA, even less research has been conducted on the family
of the patients. Only 3.7 percent of research into AYA cancer patients focused on
both the AYAs and their family, with 1.2 percent of research only considering the
patient’s family (Telles, 2021). To my knowledge there is no literature concern-
ing the effect of surviving cancer as AYA on partner employment. However, the
partners of patients can face difficulties as well. They may want to compensate
for lost income by becoming employed or increasing work hours. On the contrary
they could also prefer spending more time with their ill partner and having more
time to take care of the partner. Multiple studies find a negative effect of a health
shock on spousal labor supply (Jeon and Pohl (2017), García-Gómez, Van Kip-
persluis, O’Donnell, and Van Doorslaer (2013), Shen, Zheng, and Tan (2019) and
Nahum (2007)), but not all literature finds the same effects. A more detailed
overview of literature is given in Section 2.

This thesis aims to provide a better insight into the effect of a cancer diagnosis on
employment and the number of hours worked when employed, for both AYA can-
cer survivors and their partners. Since the previously conducted thesis4 already
focused on income effects on the patient itself, the main focus in this thesis will
be the effects on partners of patients.
Oncological data of 2456 AYA cancer survivors is linked to longitudinal popula-
tion data, which includes information on employment and hours worked. From
the population data a control group is constructed. Using difference-in-differences
(DiD), the data of both the survivors or their partners and the controls is used to
find the effect of the cancer diagnosis on work related outcomes. Heterogeneity
of the effect with respect to individual characteristics and oncological data is also
explored, as well as the dynamics of the effect.
For patients, significant reductions on both employment and the number of hours
worked when employed are found. On partners effects are smaller and often in-
significant. Partners do seem to slightly increase employment, while decreasing
the number of hours worked.

The findings for the cancer survivors can provide a better insight into their em-
ployment related issues since it uses longitudinal population data, allowing the

3Telles (2021) provides a scoping review of literature about AYAs with cancer between 2015
and 2020. It aims to give an overview of articles on AYAs with cancer, but does not specifically
focus on health economic journals

4For more information on this thesis, refer to the footnote in the abstract
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estimation of the causal effect by comparing the survivors with individuals that
did not have cancer. Further it provides insights in what characteristics result in
a higher risk of reduced employment and working hours. The results obtained for
partners give an unique insight in employment issues for partners of AYA cancer
patients.
These insights can be used to determine the magnitude of issues faced by both
patients and their partners. It provides an overview of which type of patients
are most at risk and could hence profit the most from help, as well as whether
partners should be focused on as well.
As mentioned, Mehnert (2011) found that flexible working arrangements, coun-
seling, training and rehabilitation services reduce employment related issues for
cancer survivors. These type of services could be offered to survivors, with a more
specific focus on those groups that are identified to be at a higher risk of reducing
employment and hours worked. Services could be offered to partners as well, but
should mainly focus on the patients themselves.

In the next section, a more detailed overview of previous literature is provided.
Thereafter the data used is introduced and described. Next the methodologies
used are explained and the results are presented along with robustness checks.
Lastly the conclusion is presented as well as a discussion including ideas for future
research.
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2 Literature overview
As mentioned in the previous section only a small number of studies focus on
finding how a cancer diagnosis affects employment and hours worked for AYAs5.
The research that has been conducted previously did however find a correlation
between a cancer diagnosis and reduced employment and number of hours worked
for AYA patients (Leuteritz et al. (2021) and Parsons et al. (2012)).
While only a small number of papers focus on AYA patients, more research has
been conducted into employment effects of surviving cancer without focussing on
this specific group. Moran et al. (2011), Heinesen, Imai, and Maruyama (2018)
and Jeon (2017) all find similar effects, with surviving cancer being associated with
a 5-7 percentage point decrease in employment. Bradley, Bednarek, and Neumark
(2002) and Heinesen and Kolodziejczyk (2013) find a similar effect when focusing
only on breast or breast and colorectal cancer. Interestingly Moran et al. (2011)
find a negative effect on the number of hours worked as well, while Bradley et al.
(2002) find that those survivors that are employed work more hours than compa-
rable employed individuals that were not diagnosed with cancer.
The magnitude of effects differs substantially by characteristics of both the pa-
tient’s background and the type of cancer (Teckle et al. (2018), Gunnes et al.
(2016), Syse, Tretli, and Kravdal (2008) and Mehnert (2011)). Most literature
finds that the effect is especially large for patients suffering from Central Nervous
Cancer (CNS) and soft tissue sarcoma. Being female and having a lower education
level are linked to a bigger negative effect as well.

The cancer diagnosis of an AYA patient could affect their partner as well. Dif-
ferent types of effects could have an impact on employment related decisions of
their partners. Firstly Lundberg (1985) states that when someone becomes un-
employed, their spouse may compensate by starting to work. This is the added
worker effect (Nahum, 2007). Nahum adds that spouse may work less in order
to take care of their sick partner, known as the caregiver effect. The spouse of a
patient may also change preferences in leisure time to spend more time with the
patient. This effect is referred to as the joint-leisure effect (Riekhoff & Vaalavuo,
2021). Both can offset the added worker effect. The added worker effect is likely
to be smaller in countries with good social benefits, such as the Netherlands. This
is due to unemployment benefits mitigating the income loss, shrinking the need
to compensate for lost income. Gruber and Cullen (1996) find that indeed the
added worker effect is smaller if unemployment insurance is used.

While a spillover effect of the cancer diagnosis on employment and hours worked
of partners is likely, only a small number of studies assess such spillover effects of

5Since the main focus is effects of cancer on partners of AYA cancer survivors, the overview
of literature concerning patients is only described shortly. For a more detailed overview of
previous literature on employment effects of surviving cancer and the importance of this area
of research, please refer to Appendix A.

8



health shocks on partners. To my knowledge, no literature is available about the
spillover effect of a cancer diagnosis for AYAs on partners.
The literature on the effect of health shocks on spousal labor supply shows differ-
ent effects. García-Gómez et al. (2013) find that acute hospitalization decreases
spousal employment in the Netherlands, focusing on 18-64 year old individuals.
Two years after hospitalization, the employment probability of spouses decreased
significantly by 0.9 percentage point. The effect is bigger for male spouses com-
pared to female spouses, with a decrease of 1.6 and 0.6 percentage point respec-
tively. Shen et al. (2019) also find that spouse of chronically ill patients signifi-
cantly decrease their working hours by approximately 4 hours per week. While
husbands seem to reduce working hours slightly more than wives, differences be-
tween the two are small. Their sample contains 25-64 year old individuals in
China. Jeon and Pohl (2017) similarly find a negative effect of cancer on spousal
employment using Canadian population data, restricting the sample to individu-
als aged 25-59. In the first 4 years after diagnosis, both husbands and wives of
people diagnosed with cancer incur a decreased employment probability by 2-3
percentage point. In the fifth year after diagnosis, this effect is not significant
anymore for husbands, while it is still comparable to the earlier years for wives.
Bradley and Dahman (2013) study employment effects of breast cancer on hus-
bands using a survey. Two months after the start of cancer treatment significant
reductions in both employment and hours worked are observed. When the same
is tested nine months after the start of treatment, no significant effect is found.
Nahum (2007) focuses on income effects of spousal sickness absence, while con-
sidering people aged between 30 and 58. She finds a negative effect as well, but
contrary to García-Gómez et al. (2013) the effect is bigger for female spouse. All
of these papers find a negative spousal effect. Hence for these the caregiver and
joint-leisure effects seem to outweigh the added worker effect, even though they
were conducted in countries with different regulations. Sizes of effects differ which
can be due to both the regulations within countries, characteristics of individuals
in the used data and the type of health shocks.
Fadlon and Nielsen (2015) on the other hand did not find any effects of a severe
non-fatal health shock on spousal labor supply. Their research uses Danish data
and focuses on people aged over 45 years old. As a reason for the absence of an
effect, they state that insurances accounting for income losses due to the acute
illness probably decrease the need to compensate for lost income.

Altogether health shocks are usually associated with small reductions in employ-
ment and numbers of hours worked. However the magnitude of effects strongly
differs between studies. In some studies the effects differ by gender. It is also
likely that effects differ by the type and severity of health shocks, which could
partly explain the differences.
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3 Data
In this research, data from two sources is used. Data from the Dutch Cancer
Registry (NKR) is used for information related to the cancer diagnosis. The
NKR includes information on the cancer type, the stage of the cancer and the
type of cancer treatment used. From this registry, all individuals aged 18 up to
and including 39 who were diagnosed in 2013, had not been diagnosed with cancer
before 2013, are not diagnosed with a second tumor up to 2018 and have survived
at least 5 years after the diagnosis are selected.

The second source of data used is Statistics Netherlands (CBS) which contains
data on multiple personal characteristics, as well as data on households, for the
whole Dutch population. From the CBS general information on birth year, gen-
der, migration, marriage status and households is used together with work related
outcomes such as the number of hours worked and being self employed. The char-
acteristics of individuals and households are based on the municipal administra-
tion. The data on the number of hours worked and type of contract is based on
wages declarations to the tax authorities and available in all time periods. Data
on self employment comes from tax records as well, but is only available from 2011
onwards. Educational data is also used, which will be elaborated on in section
3.3.
The data from the NKR is linked to the CBS data. Note that only patients that
likely stayed in the Netherlands for the whole observed period are used in the
analysis. This selection is implemented since work related data for people living
outside of the Netherlands is not available. Therefore an employed person living
abroad would be considered unemployed due to the unavailability of this data.
This removal is based on CBS data that should include the whole Dutch popula-
tion in a given year, which is available from 2011. If a patient is not in this data
set for any year between 2011-2018, the individual is excluded from the analysis.
Patients that did survive 5 years but died in 2018 were also removed from the
data, since they obviously could not work for the whole of 2018. Therefore their
employment and hours worked would decrease substantially due to dying from
cancer instead of the difficulties incurred when surviving cancer, while the effects
when surviving cancer are of interest. After this selection 2456 patients are left.

3.1 Data about patients
To find the treatment effect of surviving cancer on work, a comparison between
a treatment and control group is required. Using both these groups difference-in-
differences (DiD) can be used to estimate this effect. Later in Section 4: Method-
ology this will be elaborated upon further. For this purpose people included in
the CBS data aged 18 up to and including 39 are selected and compared to the
patients. The patients will from now on be referred to as the treatment group.
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There are some clear differences between the treatment group and the whole pop-
ulation of 18-39 year old people in the CBS database. The average birth year of
the treatment group is significantly higher compared to other observations. This
is as expected since the likelihood of being diagnosed with cancer increases with
age (DeSantis et al., 2014). Further, the treatment group is less likely to have
a migration background and females are more likely diagnosed with cancer com-
pared to males.
Since these variables are likely to influence work related variables (Hartog &
Salverda, 2018) as well as the trend in labor participation, using the whole popu-
lation aged 18-39 will probably violate the parallel trends assumption6. Therefore
a control group is created by matching observations based on these characteristics
with exact matching. This matching method finds individuals that have the exact
same characteristics for birth year, gender and migration background. Using this
each patient is matched with 10 controls, similarly to Teckle et al. (2018). This is
done without replacement, hence when a control is matched to a patient he/she
cannot be matched to another patient as well. After matching the control group
consists of 24560 individuals, with exactly the same characteristics of birth year,
gender and migration background as the treatment group.

In Table 1 the characteristics of the treatment and control group are tabulated.
Due to the matching procedure, the distribution in gender, migration background
and age are exactly the same for the treatment and control group. AYA cancer
survivors are more often female than male. Only 18.9 percent of patients has a
migration background, which is lower than the 25 percent found when all indi-
viduals between 25 and 35 are considered (Statistics Netherlands, 2022). Within
the group of AYAs, patients are relatively old with 54.4 percent of patients being
aged 33 or older. This can be explained by an increasing probability of suffering
from cancer when age increases. Patients mostly achieved secondary or higher ed-
ucation, with only 5.5 percent of individuals with known education level having
achieved primary education as the highest level.

6This is an important assumption made for analysis conducted which will be elaborated on
in the methodology section
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Table 1: comparison treatment and control group

Treatment Control
Frequency Percentage Frequency Percentage

Male 1036 42.2% 10360 42.2%
Female 1420 57.8% 14200 57.8%
migration background

No 1992 81.1% 19920 81.1%
First generation 213 8.7% 2130 8.7%
Second generation 251 10.2% 2510 10.2%

Age < 26 393 16.0% 3930 16.0%
26 ≤ Age < 33 727 29.6% 7270 29.6%
Age ≥ 33 1336 54.4% 13360 54.4%
Education level in 2012

Primary 112 4.6% 1166 4.7%
Secondary 1216 49.5% 12117 49.3%
Higher 722 29.4% 7195 29.3%
Missing 406 16.5% 4082 16.6%

Note: Age refers to the age of an individual at the end of 2013. If someone turns 26 in 2013
he/she is therefore considered 26 in 2013, even if he/she only became 26 years old on the 31st
of December 2013.

In Table 2 the clinical data is described by the frequencies and proportions of
cancer types, tumor stages at diagnosis and types of cancer treatment used. Note
that the stage at diagnosis is constructed by concatenating stages from multi-
ple sources into one variable. This approach is similar to the approach used in
De Rooij et al. (2018) and Husson et al. (2020). TNM and Ann Arbor stages are
used, which are often used for different types of tumors. Both define the severity
of a tumor. The defined stages using these types are reduced to 4 classes, from
least severe to most severe. TNM stages are used first. When the TNM stage is
missing Ann Arbor stages are used. Patients mostly have low stages at diagnosis,
which can be explained by the selection on patients that survived at least 5 years
after diagnosis. Higher stage tumors lead to a lower survival rate.
The most occurring tumor types are skin, breast and male genital. In later anal-
ysis, effects on types of cancer will be investigated separately for all types with at
least 75 treated individuals. This is chosen since fewer observations lead to less
reliable estimates, while CNS tumors are likely to result in big effects7. Effects
for CNS are therefore still estimated and its number of observations is used as
threshold.
The percentages of types of treatment add up to more that 100 percent. This can
be explained by patients receiving multiple types of treatment.

7In previous literature CNS was associated with the biggest employment effects. See Ap-
pendix A for more details.
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Table 2: Oncological data on patients

Frequency Percentage
Type of tumor

Breast 493 20.1%
Bone, cartilage and soft tissue 67 2.7%
Central Nervous System 75 3.1%
Endocrine 123 5.0%
Hematologic 321 13.1%
Head and neck 44 1.8%
Skin 510 20.8%
Lung 22 0.9%
Male genitals 433 17.6%
Female genitals 193 7.9%
Digestive system 115 4.7%
Urinary tract 50 2.0%
Other 10 0.4%

Stage
I 1351 55.0%
II 539 21.9%
III 233 9.5%
IV 106 4.3%
Missing 227 9.2%

Type of treatment
Organ surgery 1340 54.6%
Local surgery 709 28.9%
Radiotherapy 720 29.3%
Chemotherapy 1014 41.3%
Hormonal therapy 1014 41.3%

In Table 3 the frequencies of different tumor types are given, together with stages
for these types. Here stages 2-4 are concatenated due to CBS regulations8. Clear
differences in stages between tumor types can be found. While for endocrine, skin
and genital tumors are predominantly stage 1, breast, hematological and digestive
tumors are mostly found in higher stages. This can have multiple reasons. For
some types of tumors higher stages can lead to a low survival rate. Some types
may also be more likely to be diagnosed at a low stage. The stages in which
tumors are found can impact the magnitude of effects found. Differences between
effects for different types of tumors can partly be due to the distribution of stages.

8The CBS does not allow output to include very small frequencies due to privacy concerns.
A part of the tumor types had very small amounts of individuals with a certain stage. Therefore
these stages are concatenated such that the frequencies of most combinations of types of tumors
and stages are big enough.
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Table 3: Oncological stages for different types of cancer

Stage
I II-IV Missing

Type
of

cancer

Breast 160 332 1
Bone, cartilage and soft tissue 36 21 10
Central Nervous System x x x
Endocrine 120 3 0
Hematologic 33 183 105
Head and neck 17 26 1
Skin 434 67 9
Lung x x x
Male genitals 317 107 9
Female genitals 158 35 0
Digestive system 34 76 5
Urinary tract 29 18 3
Other x x x

Note: Due to output regulations from the CBS, the information has been removed for tumor
types with few observations in certain stages. These are indicated with an x.

As previously denoted, the outcomes of interest are work related. The first out-
come of interest is employment. For employment a definition from Eurostat is
used, which considers an individual employed when working at least one hour
per week. This definition is similar to the definition used by the U.S. bureau of
labor statistics for people working as a paid employee. As yearly data is used, a
threshold of 52 hours is implemented for being employed.
The other main outcome of interest is the number of hours worked. When the
number of hours worked are analysed, only those individuals that are employed
are considered. This is done since otherwise a large proportion of the reduced
number of hours is be due to people that stop working. Hence it would partly
measure the same effect as the analysis of employment. Further, the logarithm
of the number of hours worked is used in the analyses. Without the logarithm,
changes in hours of a similar proportion would show a much bigger effect for
people that previously worked many hours compared to those that did not. This
would make the estimated coefficients less insightful. Using the logarithm, the
percentage change can be estimated and changes for those individuals that did
not work many hours before are taken into account as well.
Besides these main outcomes of interest, the effect of a cancer diagnosis on the
probability of having a permanent contract is also considered for individuals that
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are employed. Lastly effects on self employment are briefly considered9.

In Table 4 on overview of these outcome variables be found for both the treat-
ment and control group in the last year before treatment. Before treatment, the
treatment groups is slightly more likely to be employed compared to the control
group, with an employment of 82.6 percent compared to 80.6 percent for the con-
trol group. In the results section this level difference will be assessed further, as
well as an explanation on whether it is a problem for the analysis. Individuals in
the treatment group are also slightly more likely to have a permanent contract
when employed, with 64.0 percent of them having a permanent contract compared
to 62.6 percent in the control group. The number of hours worked when employed
and the probability of being self employed is very similar for the groups. Both
groups work an average of approximately 1470 hours when employed, while for
both groups slightly below 7 percent of individuals is self employed.

Table 4: Employment, hours worked, self-employment and contract type in 2012

Treatment group Control group
Employment 0.826 0.806
Hours worked 1474 1470
Self-employed 0.069 0.068
Permanent contract 0.640 0.626

3.2 Data about partners of patients
To consider the effect on the partners of patients, similar data is used as previously
discussed. Using household data, households can be identified as well as the
position of individuals within the household. However the household numbers do
not refer to a combination of two partners uniquely. When something changes
within the household, such as a change of the address or composition of the
household, a new observation is added which may get a new household number.
Therefore alternative household numbers are created by using the combinations
of individual identifying numbers, such that partners for which the household
changes but who do not split up are still considered to be part of a continuing
household.
Using this modified household data set partners are identified. Here the definition
of a partner is someone who is a member of a household as partner. For this the
individual does not necessarily have to be married or have a registered partnership.

9Data on self employment comes from a different source within CBS data than the other
mentioned outcome variables. This data source is only available from 2011. In the analysis
considering self employment, 2010 is therefore not considered.
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Partners are included in the data when their relationship started before 201210.
The final year included for a partner is either the last year partners are together
if they broke up before 2018 and 2018 otherwise. If the relationship is broken up
before 2013, he or she is also excluded from the data. Partners who are at least
60 years old in 2013 are excluded as they will be at pension age in 2018. For
these partners changes in work related variables are likely due to pension related
changes rather than the diagnosis of their partner. This procedure is used for
both the treatment group and potential control group. The partner treatment
group consists of the partners of patients. The resulting partner treatment group
consists of 1252 individuals.

Next the control group is matched to these treated partners using a combination
of exact matching and nearest neighbor matching. The pool of potential controls
identified before is used. Controls are matched to have the exact same characteris-
tics for migration background, gender and birth year as treatment individuals, in
line with the matching procedure of the patient control group. This is combined
with nearest neighbor matching on the number of years partners have formed a
household before the year of treatment and the birth year of the partner. The
nearest neighbour is chosen based on the Mahalanobis distance11. To each partner
of a patient five controls are matched.
Thus for a treated individual, the matching procedure first identifies individuals
with the same migration background, gender and birth year from the pool of po-
tential controls. Within this group of potential controls, the five individuals with
the most similar duration of their relationship before the year of treatment and
birth year of the partner are selected as controls. This is done without replace-
ment, hence when a control is matched to a partner of a patient, he/she cannot be
matched to another partner as well. The five matches are less than in the patient
analysis, since the population of people with a partner is smaller. Using exact
matching on some of the covariates it is not always possible to find 10 similar
people for a given treated partner.
It is possible that a matched control partner has been part of a household with
a patient before, in which case the control is deleted from the data to prevent a
spillover effect in the control group. This only happened in 4 cases.

Table 5 shows the characteristics of individuals in both the treatment and control
group. Proportions in both groups are comparable for all characteristics matched
on, as should be the case. The partners are predominantly male, which could
be expected since females were represented more in the patient group. Another

10For the breakup comparison at the end of this chapter, analysis is conducted without the
exclusion of people that started their relationship in 2012. The reason behind this is that the
exclusion of 2012 is only needed to assess the parallel trends assumption, which is not relevant
for the breakup comparison.

11Mahalanobis distance is used instead of Euclidean distance since it takes into account cor-
relation within the data and is scale invariant.
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difference with the patients is that even a larger proportion of individuals belongs
to the oldest age group, with 72 percent of individuals being at least 34 years old.
This is as expected as well, since older people are more likely to cohabit with a
partner. Notable is that both groups have a very similar educational background
and similar number of children in 2013 while this was not used in matching. This
strengthens the hypothesis that matching on aforementioned variables probably
removes the main differences between groups.

Table 5: comparison characteristics treatment and control group partners

Treatment Control
Frequency Percentage Frequency Percentage

Male 826 66.0% 4102 65.8%
Female 426 34.0% 2129 34.2%
Migration background

No 1034 82.6% 5143 82.5%
First generation 119 9.5% 600 9.6%
Second generation 99 7.9% 488 7.8%

Age < 26 26 2.1% 140 2.2%
26 ≤ Age < 33 323 25.8% 1594 25.6%
Age ≥ 34 903 72.1% 4497 72.2%
Education level in 2012

Primary 19 1.5% 96 1.5%
Secondary 409 32.7% 2026 32.5%
Higher 385 30.8% 1936 31.1%
Missing 439 35.1% 2173 34.9%

Average relationship spell before 2013 4,581 - 4,583 -
Average number of children 1,326 - 1,325 -

Note: Age refers to the age of an individual at the end of 2013. If someone turns 26 in 2013
he/she is therefore considered 26 in 2013, even if he/she only became 26 years old on the 31st
of December 2013.

In the appendix Table B.1 can be found with an overview of the types of cancer
as well as cancer stages of the patients with a partner. As may be expected, ratios
mostly resemble those of the whole group of patients.

In Table 6, an overview is given of the outcome variables in the last year before
treatment. Partners and their controls are more likely to be employed and when
employed they work more hours on average compared to the patients and their
respective controls, which is discussed in Table 4. This can be caused by the
partners being older, while living together with a partner itself may affect work
decisions as well. Further both the treatment and control group have a similar
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employment probability, with 84.6 and 84.1 percent employed respectively. The
number of hours worked when employed is comparable as well, with the treatment
group working 1731 hours on average and the control group working 1721 hours
on average.

Table 6: Employment and hours worked in 2012

Treatment group Control group
Employment 0.846 0.841
Hours worked 1731 1721

3.2.1 Breakup rate comparison

It is possible that a diagnosis with cancer impacts the breakup rate. As partners
are only used in time periods where they are still together, this may introduce a
selection bias since dropout is not equal between the treatment and control group
if breakup rates differ.
Carlsen, Dalton, Frederiksen, Diderichsen, and Johansen (2007) show that no
clear difference in the divorce rate can be found for cancer patients compared to
the rest of the population. Syse and Kravdal (2007) similarly do not find a clear
effect. In the first 2.5 years divorce rates for people diagnosed with cancer are
lower, but this is mostly found for patients diagnosed with cancer types that have
a bad prognosis, or cancer that has already spread to other organs. Since the
data used consists only of patients that survived at least 5 years after diagnosis,
these types of cancer are underrepresented within the data. The effects on divorce
found for them are less relevant in this research.
Hence it is unlikely that the breakup rate differs significantly between both groups.
To assess this assumption the survival of relations is analyzed. As shown in
(Cameron & Trivedi, 2005), this is done by estimating the discrete-time survivor
function shown in equation (1):

Sd(t) = P (T ≥ t) =
∏

j:tj≤t

(1 − λj), λj = P (T = tj|T ≥ tj) (1)

This is the probability that a spell will last at least t years. Note that a spell
is the number of years the partners stay together after 2012, which is denoted
by T . This survivor function can be estimated using the Kaplan-Meier estimator
(Kaplan & Meier, 1958), which is given in equation (2):

ŜT (t) =
∏

j:tj≤t

ηj − δj

ηj

(2)

Where ηj denotes the number of spells that have not yet ended before tj and
δj the number of spells that end at tj. This is a nonparametric estimation of
Πj:tj≤t(1 − λj) using λ̂j = δj

ηj
.
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The survivor function is estimated for both the treatment and control group using
the Kaplan-Meier estimator. In Figure 1, these estimated survivor functions are
plotted. The survival rate of relationships in the treatment group is slightly
higher, but the differences are very small.

Figure 1: Kaplan-Meier estimated survival function for relationships of the treat-
ment and control group

To asses if there is a significant difference between the survival function of the
relationships of both groups a Log-Rank test is performed (Bland & Altman,
2004). The p-value obtained is 0.53, so there is no significant difference in the
survival rate of relationships between the control and treatment group.
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3.3 Missing values education
The data used for education comes from two types of sources. The first type of
source is different registries on education, from which the majority of education
data is obtained. This data is only available for people that received their educa-
tion from a publicly funded educational institution. The data is unavailable for
people that were educated at a private institution or abroad. The registry data
is more complete for younger people. The percentage of missing values increases
when birth year decreases.

The other source used is the labor force survey (EBB) conducted by Statistics
Netherlands. This consists of a random sample of everyone aged 15 through 90
which are not living in institutions such as elderly homes. For this data source, the
number of missing values does not depend on whether someone received private
education and age.

To gain more insight on the magnitude of the problem with missing values, the
frequency of missing values for both the treatment and control group is compared.
Tables 7 and 8 show the fraction of observations with missing values jointly with
the fraction of each type of education achieved for both the treatment and control
group in 2010 and 2013. It can be noted that missing values are less frequent in
2013, which is mostly due to data from another registry being added. This has
the biggest impact on older people in the population.
Differences between the treatment and control group seem negligible. To test for-
mally if the educational data is independent of the control and treatment group,
a Pearson’s Chi-squared test for independence is conducted (McHugh, 2013). No
clear dependence between the two could be found, as the p-value of the chi-squared
test is 0.706 in 2010 and 0.887 in 2013. Hence the educational data is independent
from the group allocation12.

Table 7: comparison education treatment and control group in 2010

primary secondary higher missing
control 0.037 0.424 0.258 0.281
treatment 0.037 0.436 0.252 0.275

12The tests here are conducted on patients instead of partners since their lower average age
means they are more likely to still follow education. Therefore differences are more likely to
occur in this group. For the partners, educational data seems independent as well and is more
time invariant.
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Table 8: comparison education treatment and control group in 2013

primary secondary higher missing
control 0.039 0.450 0.317 0.194
treatment 0.037 0.450 0.315 0.199

Even though the educational data does not depend on group allocation, the miss-
ing values cannot be ignored. As previously explained, the frequency of missing
values depends on variables such as birth year and migration background. Simply
excluding observations with a missing value would lead to biased results, as people
with certain characteristics are more likely to be selected into the data leading to
a selection bias. Hence the missing data must be imputed.

3.4 Imputation of missing values
The first method used to impute missing values is simply carrying observed values
in other time periods backward and forward within individuals. E.g. when a
value is known in 2017 but unknown in 2016 and 2015, then the value of 2017
is imputed in the earlier time periods. The same is done when only previous
data is known. When data is e.g. known up to 2015, the educational data of
2015 will be imputed at later time periods. This imputes reasonable estimates
of what the true education level is, since the education level does not vary much
over time and hence observations at other time periods are likely the same. This
is especially the case since most missing values occur for the older people within
the population. At older age, people are less likely to have their education vary
over time, so this method is appropriate for these people. Carrying backwards
was implemented before forwards since the CBS data includes a new registry from
2013 which solves some of the missing values.

The leftover missing values, which are missing for an individual in all observed
time periods, are imputed using k-nearest neighbor (kNN) imputation. Troyanskaya
et al. (2001) find that kNN imputation yields better results than Single Value
Decomposition (SVD) based imputation methods. Jadhav, Pramod, and Ra-
manathan (2019) show that kNN imputation outperformed all other tested meth-
ods, including four multiple imputation methods. Ribeiro and Freitas (2021)
found that the accuracy of their random forest model was the highest after imput-
ing missing values in longitudinal data using kNN compared to other methods.
Further, kNN imputation is a form of single imputation, which makes analysis
more convenient since only one dataset needs to be dealt with. Due to the high
performance and ease of use, kNN imputation is implemented.

Imputation with kNN chooses the k observations which are closest to an observa-
tion with a missing value and then imputes the missing value with the value that
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is most frequent within those k observations. The value of k used will be intro-
duced later. The kNN imputation algorithm is implemented such as described in
Kowarik and Templ (2016).
To find which observations are the closest, Gower distance is used as described by
Kowarik and Templ. The Gower distance can combine the distance of different
types of data. This makes it well applicable for this implementation since both
categorical and numerical data are used. To calculate the distance, ξijm is defined
as the distance contribution for the mth variable between observations i and j.
Here i = 1, ..., n, j = 1, ..., n and m = 1, ..., p, where n is the number of observa-
tions and p is the number of variables used for imputation. For numerical data
ξijm is defined as:

ξijm = |xim − xjm|/rm (3)
Where xim is the mth variable of the ith observation. rm denotes the range of
the mth variable. The division by rm ensures that a variable with small absolute
differences but big relative differences are not underrepresented in the distance
calculations.
The distance for categorical variables is defined as:

ξijm =
0 if xim = xjm

1 if xim ̸= xjm

(4)

Where xim is defined as before. This formulation of ξijm can be used for binary
data as well.
The total distance between two observation is calculated by a weighted average:

Ξij =
∑p

m=1 wmξijm∑p
m=1 wm

(5)

Where wm is the weight given to each variable. This can be used to make the
distance for certain variables more important than others, which is useful if some
variables are more informative for the education level than others. These weights
can be neglected if all variables should be accounted for similarly. In that case
wm = 1 ∀m. The importance of variables can be estimated by using a random
forest regression. The ranger package in R by Wright and Ziegler (2017) is used to
implement the random forest, which is included in the kNN package by Kowarik
and Templ (2016). Which of these types of weights works better is tested later in
this paragraph.

Let now i be an observation with a missing value for education. The kNN algo-
rithm picks the k observations with the smallest Ξij without education missing.
The the education level which is most occurring within the k nearest neighbors
is imputed for observation i.

To test the performance of the algorithm in different settings, data sets are cre-
ated consisting of only individuals with known education. Education is set to
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missing for the same proportion of individuals as the proportion of missing ed-
ucation values within the whole data set. This creates test data on which the
performance can be tested. Five data sets are created using this methodology to
take the average over these five evaluations, such that results are more robust to
the selection of data and missing values.

As previously denoted, the weight wm can be neglected or estimated using a
random forest regression. Both these methods are implemented, together with
different values of k: k = 1, 2, 3, 4, 5, 6, 7, 8, 9. These values of k are chosen as
Beretta and Santaniello (2016) note that k should be smaller than 10 to avoid
distortion in the data.
The variables used for imputation are the same covariates as used in the analysis
along with the hourly wage of an individual in the given year, constructed by
dividing the number of hours worked by the salary received. This is of course
strongly related to the outcome variable employment, since people that are not
employed do not have an hourly wage. However, it does increase the accuracy
strongly. Moons, Donders, Stijnen, and Harrell (2006) show that including the
outcome variable in imputation should be preferred.

In Figure 2 the accuracy for these different settings can be found. The highest
accuracy is found when weights are chosen using a random forest regression and
k = 9. Therefore the data is imputed using the kNN algorithm with the random
forest weighting and using the 9 closest neighbors. Thus for a given observation
with missing educational data in the original data, the 9 complete observations
with the smallest weighted sum of Gower distances are selected. This is based
on distances for birth year, migration background, gender, marital status and
hourly wage. The weight of the distance corresponding to each of these variables
is determined using a random forest. The missing education level is then imputed
with the most occurring level within these 9 closest observations.
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Figure 2: kNN imputation accuracy using different k and weighting methods
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4 Methodology
In the following section all methodologies used to analyse the effects of being di-
agnosed with cancer as AYA, or being a partner of an AYA diagnosed with cancer,
are discussed. Before the methods are explained, some notation used throughout
the section is introduced. The notation is mostly taken from Lechner (2011). Let
D denote the treatment. The realization di for individual i can be defined as:

di =
0 if individual i is part of the control group

1 if individual i is part of the treatment group

Further time is denoted by T , with t the possible realizations. For the first part
of this section, t only has two possible values: t = 0 before treatment takes place
and t = 1 if treatment has happened. Therefore:

t =
0 if year<2013

1 if year≥2013

In later sections, t sometimes has more possible values as more than two time
periods are used. In such cases this is clarified.
Y are the outcomes, with realizations yit for individual i in time period t. yd

it

denotes the outcome that would be realized for individual i at time t for a certain
value of di. This results in two potential outcomes: y0

it and y1
it of which only one

can be observed, with the other one a counterfactual.

4.1 Effect of treatment
As previously explained, this thesis aims to find the effect of a cancer diagnosis on
different outcome variables. Let the effect of treatment be defined as the difference
between the two potential outcomes:

αi = y1
i − y0

i (6)

In this application, the effect of treatment on those individuals that are treated
is of interest, since we want to know the effect of a cancer diagnosis specifically
on the group of AYA cancer survivors. Therefore the average treatment effect on
the treated (ATT) must be estimated:

ATT = E[αi|di = 1]
= E[y1

i − y0
i |di = 1]

= E[y1
i |di = 1] − E[y0

i |di = 1]
(7)

As previously explained, one of the potential outcomes is unobserved. This means
that the ATT cannot be estimated by simply plugging averages into equation (7).
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In particular, E[y0
i |di = 1] cannot be directly observed, since it is a counterfac-

tual. Therefore other methodologies must be used to estimate the ATT. When
information from before treatment is available, differences-in-differences (DiD) is
an attractive method to estimate the ATT (Lechner, 2011). It uses information
from before and after treatment of both a control and treatment group to estimate
the ATT. Since all this information is available, DiD is an attractive method for
estimation of the ATT in this application.

4.2 Difference-in-Differences
In this section a standard DiD framework is discussed, with only one time period
before and after treatment. It uses a control and treatment group, which are
discussed in Section 3. While E[y0

i |di = 1] is not observed directly, the changes
of yit over time can be observed for both the treatment and control group. DiD
uses both these changes and uses the difference in the change within both groups
to estimate the treatment effect.

A couple of assumptions are needed for DiD, see e.g. Lechner (2011). These are
made for the case with only one time period prior to treatment and one time
period after treatment. The first of these is the Stable Unit Treatment Value
Assumption (SUTVA):

Assumption 1 SUTVA: yit = di ∗ y1
it + (1 − di)y0

it ∀i, t

SUTVA implies that only one of the two potential outcomes is observed. This
assumption states that there may not be a spillover effect of the treatment. It
is violated when the treatment affects not only the treated individual itself, but
also not treated individuals. In this application the treatment effect could spill
over to people that are close to the diagnosed person. However, the people close
to diagnosed people are a small fraction of the Dutch population, which is used in
the research. The same similarly holds when effects on partners are considered.
Therefore the effect of this possible minor violation are insignificant. SUTVA still
holds.

Next exogeneity is assumed for the covariates, denoted with X:

Assumption 2 Exogeneity X1 = X0 = X

The assumption states that covariates X should not be influenced by the treat-
ment. As previously stated, the treatment and control groups were matched by
time invariant variables in order to create a comparable group. For these variables
this assumption holds. Previous tests showed that no significant difference can be
found in both education level and the breakup rate for both groups. Additional
analysis are performed to check this for the number of children as well, which will
be discussed in the robustness section.

Thirdly the existence of anticipation effects is ruled out:
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Assumption 3 NEPT: treatment has no effect on the pre-treatment population;
α0 = 0

Where α0 is the treatment effect in the pre-treatment time period. This is violated
when an individual already knows it will be treated in a later time period and
anticipates to this. In this setting people cannot know they will be diagnosed with
cancer in a later time period, so they cannot anticipate to it13. Therefore NEPT
can be assumed to hold. This assumption can be tested by estimating treatment
effects prior to treatment which is simultaneously used to assess the plausibility
of parallel trends, the fifth assumption introduced here.

Common support must be assumed as well:

Assumption 4 CS: 0 < P [di = 1|X] < 1

This ensures that for each value of X a treated and untreated individual is ob-
served. The assumption is required since the treatment and control groups are
compared given covariate combinations. It is violated when an individual is cer-
tainly diagnosed or not diagnosed with cancer considering the information in the
covariates. This is not the case, as any individual can either be diagnosed with
cancer or not regardless of their other characteristics.

Lastly the main assumption for DiD is the parallel trends assumption, also referred
to as the common trend assumption. This assumption states that the both the
treatment and control group would have followed the same trend in absence of
treatment. This is needed as DiD uses the differences in the trend between both
groups to estimate the unobserved counterfactual, E[y0

i |di = 1]. Formally, when
only considering time period t = 0 before treatment and time period t = 1 after
treatment:

Assumption 5 PT:

E[y0
i1|di = 1] − E[y0

i0|di = 1]
= E[y0

i1|di = 0] − E[y0
i0|di = 0]

= E[y0
i1] − E[y0

i0]
(8)

Assessing the plausibility of this assumption is more difficult. The first method
which is often is plotting the outcome variable over time for both the treatment
and control group. These plots are used to visually assess if trends are parallel.
While this method can give an indication of the plausibility of the assumption, it
is not very reliable since it is only eyeballing and not a statistical test.
Another common way to assess the plausibility of parallel trends is estimating the

13While anticipation is unlikely, it is possible that patients already suffered from symptoms
in the year before diagnosis. In the robustness section, estimation will be performed while
controlling for anticipation to check whether this results in different estimates.
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treatment effects in lead periods. This can be done by estimating the dynamic
treatment effect, which will be explained in later sections, for time periods prior
to treatment14. For the parallel trends to be plausible, the treatment effect must
be zero in the pre-treatment time periods (Pischke, 2005). If the estimated effects
before treatment significantly differ from zero, it is unlikely that parallel trends
hold. If they are not significantly different from zero, the assumption is more
plausible.
To test the joint nullity of the estimated effects prior to treatment, a Wald test
is conducted (Cameron & Trivedi, 2005). This tests the null hypothesis that the
estimated treatment effects are zero in each pre-treatment time period. A large
p-value for this test means that parallel trends likely hold.
The mentioned tests are all applied. The results of these tests can be found in
Section 5: Results, together with explanations. It must be noted that these tests
can only give an indication of the plausibility of parallel trends. Only time periods
before treatment can be used, which means that the parallel trends after treatment
cannot be tested. As stated by Kahn-Lang and Lang (2020): "parallel trends in
the period prior to treatment is suggestive of counterfactual parallel trends, but
parallel pre-trends is neither necessary nor sufficient for the parallel counterfactual
trends condition to hold. Any available tests of identification should be seen as a
complement to, not a substitute for, logical reasoning."
As previously explained, control individuals are chosen by matching on multiple
individual characteristics15. Further, getting cancer is thought to be close to
random for AYA patients (American Cancer Society, 2022). Considering this, in
addition to tests results on the pre-treatment trend, it is likely that the parallel
trends assumption holds.

Under these assumptions, DiD can estimate the ATT by using outcomes in pre
and post-treatment time periods from both the control and treatment group. The
ATT can be computed using equation (9):

ATT = (E[yi1|di = 1] − E[yi1|di = 0]) − (E[yi0|di = 1] − E[yi0|di = 0]) (9)

The identification can be straightforwardly proven using given assumptions. In
Appendix C.1 this proof can be found. To clarify the DiD framework, equation (9)
is showed visually in Figure 3, with for simplicity a = (E[yi1|di = 1] − E[yi1|di =
0]) and b = (E[yi0|di = 1] − E[yi0|di = 0]). It illustrates the observed outcomes
for both groups, along with the counterfactual outcome for the treatment group
which develops similarly to the control group when the PT assumption holds.
Then the difference between treatment outcomes before and after treatment16

can be subtracted to find the ATT, as formally given in equation (9).
14See equation 11 and equation 15 for the estimation of the dynamic effects using different

methods.
15See Section 3 for more information on the matching procedure
16The name difference-in-differences comes from this as well: the ATT is estimated by taking

the difference in differences before and after treatment
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Figure 3: Visualization Difference-in-Differences

In the next section, an estimation method for DiD is introduced which uses re-
gressions. This method is also expanded to a setting where multiple time periods
are available both before and after treatment, as is the case in this application.

4.3 Two-Way Fixed Effects
DiD can be estimated using a regression formulation. Equation (10) shows the
framework which can be used. The parameters can be estimated using a simple
linear regression.

yit = β0 + βxit + γdi + λt + α(di ∗ t) + ϵit (10)

β0 is an intercept. xit contains the covariates with β a vector of coefficients corre-
sponding to these covariates. γ is a time invariant group specific effect, with the
groups being control and treatment. λt is a time varying effect which is the same
in both groups. α is the effect of treatment which we are interested in. This can
be seen as the average treatment effect on the treated across all post-treatment
time periods. In Appendix C.2, a derivation is given which explains the intuition
why α equals the ATT. Lastly ϵit is an iid error term.
Since panel data is available, the group specific effect can be replaced by a indi-
vidual specific effect. This can be implemented by replacing γdi by γi in equation
(10). The main difference with equation (10) is that γi is now allowed to differ
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across individuals instead of only across the treatment and control group. Using
individual specific effects, time invariant covariates are absorbed by the individual
fixed effect and thus no coefficients can be estimated for these covariates. The
advantage of using individual fixed effects is that it can take into account unob-
served confounders (Brüderl & Ludwig, 2015). The resulting regression estimator
is also known as the Two-Way Fixed Effects (TWFE) estimator17, since it incor-
porates two fixed effects: the individual fixed effect γi and the time fixed effect
λt. TWFE estimations are implemented in R using the feols function from the
fixest package (Gaure, 2013).

The regression formulation of DiD can be altered to calculate dynamics of the
treatment effect when multiple time periods are available. Instead of being binary,
t is now defined to take multiple values, corresponding to the time until treatment
happens: t = −3, −2, ..., 6. Further, δt is a vector of dummy variables indicating
the year, with one dummy for each possible value of t.
Then following Autor (2003) and Angrist and Pischke (2008) the formulation
of equation (10) can be changed, resulting in equation (11). This formulation
is known as the dynamic TWFE or event study regression (De Chaisemartin &
D’Haultfoeuille, 2022):

yit = β0 + βxit + γi + λt +
tend∑

τ=tstart

ατ (di ∗ δτ ) + ϵit (11)

Here tstart equals -3 and tend equals 5. t = −1 is used as baseline year and therefore
no coefficient is estimated for that year. ατ is the DiD estimate in different time
periods. The estimates can be used for two main results. ατ with τ < 0 are the
DiD estimates before treatment has happened. These estimates can be used to
assess the plausibility of the parallel trends assumption, as well as anticipation.
For these time periods the estimated coefficient should be zero. For the time
periods after treatment, the differences in ατ can be used to determine how the
treatment effect evolves over time. In particular it can be used to assess whether
the effect of a cancer diagnosis fades over time or is persistent.

4.4 Problems with TWFE
Last couple of years, many papers have been published on problems with TWFE
estimation of DiD in settings with multiple time periods. These include Callaway
and Sant’Anna (2021), Goodman-Bacon (2021), (Sun & Abraham, 2021) and
De Chaisemartin and D’Haultfoeuille (2020).

17In literature both the regression formulation with group specific and individual specific
effects are often referred to as TWFE estimation. In this thesis, TWFE will refer to the
formulation containing individual specific effects.
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De Chaisemartin and D’Haultfoeuille (2022) provide an elaborate overview of lit-
erature concerning the issue and the possible solutions. In their review, the main
problems discussed occur when treatment timing is varying by groups. That is
when e.g. one group is diagnosed in 2013 and another in 2014. In such cases
TWFE estimation could yield very biased results, with possibly even the direc-
tion of effects switching. However in the application considered here, treatment
timing does not vary and hence most problems considered in the aforementioned
literature are not an issue for this application. In particular, De Chaisemartin and
D’Haultfoeuille (2022) denote that the TWFE estimation is unbiased if treatment
is staggered and binary, and all individuals receive treatment at the same time.
The setting discussed in this thesis fulfills all these requirements. The TWFE re-
gression may therefore present fairly good estimates. They state that it is not yet
clear if TWFE estimators should be abandoned in general at this point. TWFE
estimates often have a lower variance compared to more heterogeneity robust es-
timates. Comparing TWFE and other estimants can provide interesting insights
in the reliability of TWFE estimation in practice.

While the treatment heterogeneity problems that are elaborately discussed in
aforementioned literature are not an issue here, there are other issues that can even
occur in the simplest two time period DiD design. Caetano, Callaway, Payne, and
Rodrigues (2022) present four main problems that could result in poor estimation
of the ATT using TWFE:

1. The presence of time varying covariates that are affected by treatment

2. The ATT or parallel trend assumption depends not only on changes in
covariates over time but also on the level of time varying covariates before
treatment

3. The ATT or the trend of Y 0
it depends on time invariant covariates

4. Violations of strong functional form assumptions

In applications these problems often occur. It is likely that some of these problems
occur in this application as well.
The second problem can be present in this application, since the effect of treatment
may be different for people with a different education level, different number of
children or marital status which are time varying covariates. The same holds for
the third problem. It is likely that the trend differs for people born in different age
cohorts as well as for people with a different gender. It is also likely that treatment
is heterogeneous. Cancer could affect people in their twenties differently than
people who are in their late thirties, while the effect of treatment can differ based
on gender and other covariates as well18.

18In Section 5 graphs are showed to highlight the presence of the third problem.
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The first issue is not important for partner or marriage status. Using Kaplan-
Meier estimation for the survival of relationships (see Figure 1), no significant
differences were found in the breakup rates of partners in the control and treat-
ment group.
It can expected that education is influenced by treatment, since a student di-
agnosed with cancer may have a different probability of dropping out compared
to other students. However, since most people in the sample are relatively old
AYAs, they are likely to have achieved the highest education they intended al-
ready. Hence this effect is probably small. Adding to that, S. Janssen et al.
(2022) find that the impact of cancer differs by education level, but there is no
clear difference in education achieved after treatment between the control and
treatment group. This is the case for both one and five year after treatment as
well as when comparing differences before and after treatment. This research is
done using the same patient population and registries as in this thesis. Therefore
it can be assumed that education is not significantly affected by treatment and
hence that the first issue does not occur for education levels.
It is likely that the number of childbirths is affected by treatment, while this prob-
ably affects employment and hours worked as well. This possible issue is further
explored in the robustness section. Caetano et al. (2022) advise using a Dou-
bly Robust estimation method to solve the aforementioned problems when time
varying covariates evolve exogeneously with respect to treatment. While most
time varying covariates are unaffected by treatment, this may not be true for
the number of children. This possible problem explored further in the robustness
section.

Next a Doubly Robust estimation method by Sant’Anna and Zhao (2020) is dis-
cussed. They focus on a DiD setup where the parallel trends assumption only
holds after conditioning on covariates. Similarly to problem 3 discussed above,
they show that the TWFE generally is not an unbiased estimator for the ATT
when either the treatment effects are heterogeneous in X or the trend differs based
on covariates X. This covariate specific trend must be ruled out for both the con-
trol and treatment group. Their method resolves these problems. The proposed
method is first explained in a simple two time period setting, which is thereafter
expanded to allow for estimation in multiple time periods. It combines two types
of estimators to make the estimation more robust to model misspecification19.
Both of these estimators impose three main assumptions:

1. The data are iid

2. Conditional Parallel Trends Assumption; when only two time period are
considered: E(Y 0

i1 − Y 0
i0|di = 1, X) = E(Y 0

i1 − Y 0
i0|di = 0, X)

3. Common support: 0 < P [di = 1|X] < 1
19Please note that the explanation of the Doubly Robust DiD estimation is based on the paper

by Sant’Anna and Zhao (2020) and formulations are largely taken directly from their paper.
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The same assumptions are used for the DR estimation in Sant’Anna and Zhao
(2020). The first and third assumptions hold. For the conditional parallel trends
assumption, tests will be conducted in the results section similarly to the tests
explained for the PT assumption in Section 4.2. The imposed conditional parallel
trend assumption is a less strong assumption than the parallel trends assumption
necessary for TWFE estimation.

The first method used in DR estimation is an Outcome Regression (OR), which
is introduced in (Heckman, Ichimura, & Todd, 1997) and (Heckman, Ichimura, &
Todd, 1998). This approach estimates the ATT as given in equation (12):

α̂ = Ȳ1,1 − (Ȳ1,0 + n−1
treat

∑
i|di=1

(µ̂0,1(Xi) − µ̂0,0(Xi))) (12)

Where Ȳd,t = ∑
i|di=r yit/ndt is the average of all individuals belonging to group d at

time t, where the possible groups are control or treatment. µ̂dt(Xi) is an estimator
of mdt(Xi) = E(Yit|di = d, X = Xi), which is equivalent to the expectation of
the potential outcome for individual i conditional on Xi, when treatment status
would be d. This is unobserved when d = 0 and individual i is treated. The
OR consistently estimates the ATT when µ̂rt(Xi) is correctly specified, or more
specifically when µ̂0,1(X) − µ̂0,0(X) = m0,1(X) − m0,0(X).

The second method used is the Inverse Probability Weighting (IPW) approach
proposed by Abadie (2005). This approach does not use a direct model for the
outcome evolution. It uses a formulation of the ATT using the propensity score
p(X)20. Using an estimator of the propensity score, the ATT can be estimated
using equation (13):

α̂ = 1
En(D)En

(
D − π̂(X)
1 − π̂(X) (Y1 − Y0)

)
(13)

π̂(X) is an estimator of the propensity score p(X). En is the average of inserted
variables, e.g. En(D) = 1

n

∑n
i=1 di with n the total number of observations.

Both approaches rely on different models to be estimated. For the OR method
µ̂dt(Xi) needs to be correctly specified to consistently estimate the ATT. The
same holds for π̂(X) in the IPW approach. Sant’Anna and Zhao (2020) propose
a Doubly Robust (DR) estimator which combines both methods to create an
estimator which is more robust to model misspecifications.
Let π(X) be a model for the propensity score and µdt(X) a model for mdt(X).
Then the Doubly Robust estimand is:

αdr = E

 D

En(D) −
π(X)(1−D)

1−π(X)

En(π(X)(1−D)
1−π(X) )

 ((Y1 − Y0) − (µ0,1(X) − µ0,0(X))
 (14)

20The propensity score is the probability of being treated given characteristics X: p(X) =
P (di = 1|X)
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Sant’Anna and Zhao (2020) show that equation (14) consistently estimates the
ATT if either π(X) = p(X) or µ0,1(X) − µ0,0(X) = m0,1(X) − m0,0(X).
The estimation of the DR model is done in multiple steps. First µrt(X) and π(X)
are estimated using a parametric model. These estimates are then used jointly in
equation (14) to estimate the ATT.

Callaway and Sant’Anna (2021) show how DR estimation can be extended to
multiple time periods. Their method calculates ATT (g, t), which is the average
treatment effect at time t for group g. Group g indicates groups that are treated
at a different time. In this application, only one group is considered since each
patient is diagnosed in the same year. Therefore from now on, g will be left out
from the notation used in their paper. Callaway and Sant’Anna (2021) add some
assumptions to those made by Sant’Anna and Zhao (2020):

• Treatment is staggered: no unit is treated in the first time period and once
a unit is treated, it will be treated in all following time periods.

• No anticipation
Staggered treatment holds in this application. The possibility of anticipation
interfering with results is discussed in the robustness section.

The Doubly Robust estimator in different time periods t can be written equiva-
lently to equation (14) as21:

ATT (t) = E

 D

En(D) −
π(X)(1−D)

1−π(X)

En(π(X)(1−D)
1−π(X) )

 ((Yt − YT −1) − (µ0,t(X) − µ0,T −1(X)))


(15)
Where T is the time of treatment. The main difference with equation (14) is
that instead of only considering time periods 0 and 1, any time period t can be
compared to the last period before treatment (T − 1)22.

Having obtained the ATT (t) for all time periods, the average effect of participat-
ing in treatment over all post-treatment periods is calculated by simply averaging
the ATT (t)’s from after treatment periods as shown in equation (15):

ATT = 1
Tend − T + 1

Tend∑
t=T

ATT (t) (16)

Where Tend is the last observed time period.
Bootstrapped standard errors are calculated as advised in Callaway and Sant’Anna
(2021).

21Note: X contains the covariate values in the base period, before treatment. The DR
method explained in Callaway and Sant’Anna (2021) does not take into account how time-
varying covariates change over time.

22Some minor notation differences are used compared to Callaway and Sant’Anna (2021),
since only one group is considered and no anticipation is assumed. Adding to that, π(X) and
(µ0,t(X) − µ0,T −1(X)) are used to keep consistent with previous notation.
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4.5 Quantifying treatment effect heterogeneity
While the Doubly Robust estimator improves estimation under treatment hetero-
geneity, it does not provide insight into how differences in characteristics between
individuals have impact on the treatment effect. These insights can be helpful,
since they show which type of patients suffers the biggest impact from cancer on
employment and the number of hours worked. Using this information, help with
employment could be targeted more specifically to patients that are likely to need
it the most.

The heterogeneity can be quantified using a regression. While previously some
problems concerning the two-way fixed effects estimation are given, such regres-
sion type estimators have the benefit that the impact of different factors can be
interpreted using the regression coefficients. To estimate the heterogeneity in the
treatment effect due to covariates, interaction terms are added to the regression
model introduced previously for TWFE using two time periods (equation (10)).

The inclusion of these interaction terms is similar to the Triple Difference (TD)
estimation introduced by Gruber (1994) and explained in more detail by Olden
and Møen (2020), but then including individual fixed effects23. The first addi-
tional term is an interaction between the covariate of interest (e.g. gender), the
dummy for treatment group and the dummy denoting if the time of treatment
has passed. Let the covariate of interest be denoted as qit ∈ xit. Then this in-
teraction term can be written as di ∗ t ∗ qit, with di and t as previously defined.
This term captures the heterogeneity in the treatment effect for this covariate,
which is the term of interest. The second interaction term added is the covariate
of interest with the dummy denoting if time of treatment has passed: t ∗ qit. This
term captures differences in the employment trend by the different groups in the
covariate of interest. Lastly an interaction term combining the treatment group
and covariate of interest is added as di ∗ qit. Using fixed effects, this term is incor-
porated into the individual specific when qit is time invariant, which is the case
for some of the considered covariates.
Including these interaction terms results in the formulation in equation (17), with
ϕ the coefficient capturing the heterogeneity in the treatment effect for the con-
sidered covariate and α the base treatment effect24.

yit = β0 + βxit + γi + λt + ζ(t ∗ qit) + α(di ∗ t) + ϕ(di ∗ t ∗ qit) + ϵit (17)
Next the treatment heterogeneity due to the type of cancer, stage at diagnosis and
type of cancer treatment are considered. While previously treatment has always

23for the remainder of this thesis, the estimation method used here will be referred to as the
triple differences estimator

24When e.g. gender is the covariate of interest, with a value of 0 for males and 1 for females,
the baseline effect α is the effect on male individuals and ϕ the additional effect when an
individual is female.
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been considered to be a diagnosis with cancer for either the patient or partner of
patient, these factors likely have a big impact on the magnitude of the effects.
To quantify differences in the magnitude of effects based on these factors, estima-
tion is done separately for different types of cancer, stages at diagnosis and types
of cancer treatment. This is done by simply estimating the treatment effects for
subsets of only patients belonging to a certain group or their partners, together
with the controls that were previously matched to them.
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5 Results
In this section the results are described. First the results are given for the patients.
After that the same is given for the partners of patients. For both patients
and partners, the trends for outcome variables over time are showed. These
are also split by some individual characteristics, to highlight the need of DR
estimation. After these graphical illustrations, the treatment effects estimated
using the methodologies introduced in Section 4 are explained. All treatment
effects considered are average treatment effects on the treated and ceteris paribus.

5.1 Results Patients
Results on patients will be discussed more concisely than those of partners. Some
results are given in appendix D, to which will be referred throughout this section.

5.1.1 Trend employment and hours worked

In Figure 4, a trend plot can be found for the fraction of individuals that were em-
ployed over the observed years, split by treatment and control group for patients.
Before treatment, which occurs at t = 0, the trends of both groups look parallel.
There is a slight level difference between the two groups, which is significant at
a five percent significance level when using a two-sample test for equality of pro-
portions. No clear reason for this difference can be found, but since trends are
parallel it is not a large issue for DiD estimation. After treatment, both groups
clearly show a different trend. The employment of the treatment group declines
compared to the control group, with the effect persistent over time. In the plot
it is also visible that the employment of the control group decreases as well. This
resembles the trend found by Eurostat (2022), which is explained in more detail
in Appendix D.1 with Figure D.1.
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Figure 4: Employment control and treatment group (patients)

The employment trend is shown separated by age groups and gender in Figures
5a up to 6b. The age groups used are younger than 30 and 30 or older25. Trends
of both age groups are different. The employment of controls increases for young
controls, while it decreases in the control group with older people. The employ-
ment of young patients recovers slightly over the years while it stays stable for
the older patients. Trends are different by gender as well. While employment for
male patients recovers over years, the effect is persistent over time for females.
Long term effects may thus be bigger for female subjects.

Trends in these figures thus differ by the characteristics of individuals. Further
the treatment effect seems to differ based on these characteristics as well, which
is most clear in the long term. Sant’Anna and Zhao (2020) showed that both
different trends and different treatment effects by individual characteristics X
can lead to biased estimation using TWFE. This illustrates why DR estimation
should be used in this application.

In Figure D.2 in Appendix D.1, similarly trends of the log number of hours worked
for those individuals that are employed are given. Again trends are similar before
treatment, while the number of hours worked decreases for the treatment group
compared to the control group after treatment. Thus again it is likely that there
is a treatment effect of the cancer diagnosis on the number of hours worked.

25Age is determined by the age of individuals on the 31st of December 2013
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(a) Age <30 in 2013 (b) Age ≥ 30 in 2013

Figure 5: Employment trend for different age cohorts

(a) Male (b) Female

Figure 6: Employment trend for different genders
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While it is shown that some violations occur due to which TWFE estimation
may yield biased results, estimates by TWFE are still reported. These can be
compared to DR estimates, to show how possible violations can affect TWFE
estimation.

5.1.2 Overall treatment effects patients

In Table 9 the overall ATT’s can be found for employment, log hours worked,
self employment and having a permanent contract using both the TWFE and
DR estimation26. Clearly treatment has a negative effect on employment using
both models, with only small differences between the models. Using the TWFE
regression, a cancer diagnosis is associated with a significant 3.9 percentage point
decrease in the probability of employment. Using DR this is 3.8 percentage point.
The decrease by approximately 3.8 percent point in employment may seem small.
However when looking at the percentage of individuals that was not employed,
which was 17.4 percent in the last period before treatment for the patients, this
decrease in employment corresponds to a 21.8 percent increase in the probability
of not being employed. While a decrease in employment is in line with other stud-
ies, the decrease in employment is smaller than that found by Moran et al. (2011),
Heinesen et al. (2018) and Jeon (2017). They found decreases of 5-8 percentage
point, but did not focus on AYA patients.
Given someone is employed, the number of hours worked on average decreases by
6.4 percent using TWFE and 3.8 percent using DR27. For both the effect is signif-
icant, but they clearly differ in magnitude. Hence the estimates produced using
TWFE estimation are likely biased due to violations mentioned in Sant’Anna and
Zhao (2020). The decreasing number of hours worked is in line with Moran et al.
(2011).
A cancer diagnosis also decreases the probability of being self employed by 1.4
percentage point using TWFE and 1.3 using DR. Both estimates are significant.
For those that are employed, a diagnosis with cancer seems to decrease the prob-
ability of having a permanent contract, though this effect is not significant.

26The overall effect is calculated using all post-treatment time periods. While treatment
occurs in 2013, patients can be diagnosed in any moment of that year. Hence, the effect in
2013 is smaller than the real effect of treatment and the overall ATT over all years is probably
underestimated slightly.

27For all coefficients on log hours worked, the percentage change is defined as 100∗(exp(β̂)−1),
with β̂ the estimated coefficient. Hence the percentage may slightly deviate from the coefficient.
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5.1.3 Dynamic effects

Figure 7 shows the dynamic effects of employment, log hours worked, self em-
ployment and the type of contract estimated using DR estimation. In Appendix
Figure D.3 this can similarly be found using TWFE. For each pre-treatment pe-
riod, the ATT estimated is insignificant. This strengthens the plausibility of
parallel trends. This plausibility is further assessed using a Wald test on the esti-
mated ATT’s before treatment being jointly 0. The p-value of this Wald test has
been included in the caption of the Figures in the appendix. For none of these
tests, the pre period ATT’s are found to be significantly different from 0 at any
of the usual significance levels. While this does not guarantee the parallel trends
assumption to hold, it is likely that the assumption holds.
Effects in 2013, which is time zero in the graphs, are much smaller than in other
years. This is probably due to people receiving the diagnosis at an arbitrary mo-
ment in 2013, so it is possible for an individual to only be diagnosed in December
2013. This would of course mean that the measured effect in 2013 is very small.
The difference between the effect in 2013 and later years is bigger for employment
compared to hours worked. This can indicate that patients are likely to decrease
working hours shortly after diagnosis, while the decision to completely stop work-
ing is made slightly later.
A cancer diagnosis increases the probability of having a permanent contract at
first. This may be due to people on a temporary contract being more likely to lose
their job, resulting in an increase of the proportion of people having a permanent
contract. When time since treatment increases, the effect becomes negative. Thus
in the long term surviving cancer decreases the probability of having a permanent
contract.
For the other outcome variables results are similar in the second up to sixth post-
treatment time period. Therefore the effects of a cancer diagnosis on employment,
hours worked and self employment are all persistent over time.
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(a) employment,
Wald test p-value: 0.84

(b) Log hours worked,
Wald test p-value: 0.64

(c) Self employment,
Wald test p-value: 0.58

(d) Contract type,
Wald test p-value: 0.32

Figure 7: Dynamic treatment effects patients with 95 percent confidence interval,
using DR estimation

5.1.4 Heterogeneity of effects

In Appendix D.3, tables can be found considering the heterogeneity of the effects
on both employment and hours worked by both individual characteristics in X
and oncological data. Only the most notable findings will be discussed here.
Heterogeneity of the treatment effect on employment and log hours worked with
respect to individual characteristics that are not cancer related can be found in
Table D.1 and D.2. The effects on both employment and hours worked when
employed are significantly bigger for patients with a migration background. The
effects are also bigger for female patients compared to male patients, while a
higher education level reduces the effects found28. Patients with a higher ed-
ucation level probably have more options to find work that matches their new

28The heterogeneity of effects with respect to X are computed by interacting the treatment
effect with these characteristics, as explained in detail in Section 4.5.
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situation, while those with a lower education level usually have fewer job choices.
The heterogeneity of the ATT by X again shows that DR estimation should be
preferred over TWFE.

In Table D.3 treatment effects on employment are presented for patients with dif-
ferent oncological characteristics. As can be expected, a higher stage at diagnosis
and a larger number of different types of cancer treatments increase the magni-
tude of effects found. The effects are smaller when organ or local surgery is used
to treat a patient compared to chemotherapy, radiotherapy and hormonal ther-
apy. CNS tumors reduce employment levels the most, which is similarly found by
Teckle et al. (2018) and Gunnes et al. (2016). For these patients the employment
probability decreased by 22.9 percentage point. Endocrine tumors barely affect
employment. This may be due to stage at diagnosis being 1 for almost all patients
with endocrine tumors (see Table 3 in the Data section)29. Further, breast cancer
and hematologic cancer have a relatively big negative effect.
In Table D.4 similarly the treatment effect on the log number of hours worked
for different oncological characteristics can be found. Hematologic and CNS tu-
mors are associated with the biggest decrease in hours worked30. They are closely
followed by endocrine tumors. Breast cancer has a significant negative effect on
hours worked as well.

5.2 Results Partners
In this section the results obtained for partners of the patients are discussed31.
First an explanation of trends found for partners is given, after which the ef-
fects found using methodologies from Section 4 are discussed. The plausibility
of the parallel trends assumption will be tested when the dynamics of effects are
considered.

5.2.1 Trend employment and hours worked

In Figures 8 and 9 the employment and log hours worked trends of the partners
can be found, split by the control and treatment group. The employment trend
before treatment is similarly decreasing for both groups. However, the biggest

29In general, the effects found for different types of cancer can partly be due to the stage at
diagnosis of surviving patients

30While the estimated effect for CNS is large, it is not significant. This probably has to do
with the small sample size available.

31Effects are only estimated for partners of patients that survived for at least 5 years after
diagnosis. Therefore the effects found should only be considered to for partners of this type of
patient. Fadlon and Nielsen (2015) found clear differences in effects of acute illness between
partners of surviving individuals and those that did not survive the illness, showing the impor-
tance of this distinction. Further the added worker, caregiver and joint leisure effects likely de-
pend regulations of the country people live in, so results found for partners in the Netherlands
cannot simply be considered to hold in other countries.
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decrease is found in year -3 for the treatment group, while this is in year -2 for
the control group. The overall trend is still quite similar.
The log hours worked in the treatment group increases in year -3 while it decreases
in year -2. For the control group the log hours worked decreases both periods. No
clear explanation can be found for this difference. However considering the scale,
differences are still very small and could have to do with randomness.
The parallel trends seem more questionable for partners than for the patients
which were considered before. The plausibility of the parallel trends will be as-
sessed further when the dynamics of the treatment effect are considered.
Interestingly employment slightly increases for the treatment group compared to
the control group after treatment, while the log hours worked decreases.

Figure 8: employment control and treatment group partners
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Figure 9: log hours worked control and treatment group partners

Next in Figure 10 the employment trend can be found split by gender32. The
diagnosis increases employment for female partners compared to their controls,
with the effect mostly clearly observed in the long term. For male partners no
clear effect can be observed. In Figure 11 the same is given for the log number of
hours worked. Again differences are visible between genders. For males the log
number of hours worked first decreases after treatment, after which it recovers to
be comparable to the control group 5 years after treatment. For females effects
are more clear in the long term, with the log hours worked first following the same
trend as controls, but then decreasing from the third period after treatment. For
females the parallel trends assumption looks more plausible, since the trend before
treatment is similar to the trend of controls.
Similarly to effects on the patients themselves, the treatment effect on partners
differs based on individual characteristics. The trend in the log hours worked of
the control group differs strongly by the gender of partners as well. This again
shows that TWFE may find biased results, as shown by Sant’Anna and Zhao
(2020). DR estimation is therefore the preferred estimation method. Though DR
is preferred, TWFE estimates will be reported as well to compare with the DR
estimates.

32For partners these plots are given for different age groups as well. This is not presented for
partners because proportion of partners below 30 is very small.
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(a) Male (b) Female

Figure 10: Employment trend for partners with different genders

(a) Male (b) Female

Figure 11: Log hours worked trend for partners with different genders

5.2.2 Overall Treatment Effect

In Table 10 the results of both TWFE and DR estimation for partners can be
found33. A positive effect on employment is found using both estimation methods,
with TWFE and DR finding an increased employment probability of 0.7 and 0.8
percentage point respectively. These effects are insignificant. This is different
from studies by García-Gómez et al. (2013), Shen et al. (2019) and Jeon and Pohl
(2017), which all find a negative effect of a health shock on spousal employment.
The finding is similar to (Fadlon & Nielsen, 2015), who did not find a significant
effect of a health shock on spousal employment when the patient survives.

33As previously mentioned TWFE estimation cannot estimate coefficients for covariates that
are time invariant. These are excluded from the table. DR estimation uses covariates to condi-
tion on, but does not calculate coefficients for them. Therefore the DR estimation only includes
the estimated ATT. Education level barely varies for partners. This can be explained by these
individuals being relatively old, due to which they are less likely to obtain a degree in a new ed-
ucation level. This results in education being removed in the TWFE estimation, since variance
over time is too small.
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The effect is reversed on the number of hours worked. Both the TWFE and DR
find a negative effect. The magnitude of the effect found strongly differs between
estimation methods, indication that TWFE estimates are biased. TWFE finds a
0.6 percent decrease in hours worked, while this is 2.4 percent when DR is used.
The effect found using DR is significant at a 90 percent level. Shen et al. (2019)
similarly found a reduction in the number of hours worked by spouse following
a health shock, though the effect found is bigger with a decrease of 4 hours per
week34.

Table 10: Overall outcomes treatment effect of cancer diagnosis on partners of
AYA patients

Employment (n = 1252) Log hours worked (n = 1050)
TWFE DR TWFE DR

Estimate (Std. Error) Estimate (Std. Error) Estimate (Std. Error) Estimate (Std. Error)
Post -0.024*** (0.003) -0.007 (0.005)
married -0.011* (0.006) -0.017* (0.009)
Number of children -0.017*** (0.003) -0.059*** (0.005)
Treatment effect 0.007 (0.007) 0.008 (0.008) -0.006 (0.011) -0.024* (0.014)

Note: Standard errors are clustered on an individual level. Control variables used: age in
2013, number of children, duration relationship before 2013, direct migration background,
indirect migration background, marital status, education level and gender. Note that for
TWFE models, time invariant controls are left out of the estimation. For DR estimation, the
control variables are used to condition on, but does not calculate coefficients for them.
Therefore the DR estimation only includes the estimated ATT.
Reported sample size n refers to the number of treated individuals considered. The number of
controls is approximately 5 times the reported number of treated individuals.
*** p < 0.01, ** p < 0.05, * p < 0.1

The difference in the direction of the effect on employment and hours worked is
interesting. It seems that people that were previously unemployed are more likely
to become employed when their partner is diagnosed with cancer. This can be
explained by the added worker effect. For those that were previously unemployed
getting a job for a limited number of hours could compensate for loss of income,
while keeping a substantial number of hours to take care of their ill partner and to
spend time with them. Similarly partners of patients that only worked few hours
before the diagnosis may be more likely to keep their job compared to those whose
partners are not diagnosed.
The number of hours worked is decreased. This reversed direction compared to
employment could be explained by people that do work a substantial number of
hours shifting preferences to spend more time with their spouse and to take care
of them. For these individuals the caregiver and joint leisure-effects outweighs
the added worker effect. Further, the individuals that become employed may be
likely to only work a small number of hours.

34Before treatment the subjects in this study worked an average of 50 hours per week. Hence
the 4 hour reduction corresponds to a decrease by eight percent.

48



To test if indeed the employment effect is mostly due to people who did not work
before treatment, or worked a small amount of hours, estimations of treatment
effects are conducted for groups with a different number of hours worked in the
last year before treatment. Similarly, treatment effects on the number of hours
worked are estimated for these groups to test if the effect on the number of hours
worked is mostly found for those partners that worked a large amount of hours
prior to treatment.

The groups considered are partners who35:

• Worked less than 400 hours or unemployed

• Worked between 400 and 1600 hours

• Worked more than 1600 hours

In Table 11 the results for these subgroups can be found, estimated using DR
estimation. Indeed for partners that were unemployed or worked a small number
of hours in the last year before treatment, treatment does result in an increased
employment probability. For this group having their partner diagnosed with can-
cer was associated with a significant 5.5 percentage point increase in employment.
This can be explained by them still having a substantial amount of time to spend
with, and care for, their partner even when starting to work some hours each
week. For groups that worked more than 400 hours the year prior to treatment,
no clear effect could be found.
An insignificant 7.0 percent decrease in the number of hours worked is found for
the group that worked only a small number of hours prior to diagnosis. The num-
ber of observations used is very small as few people worked between 52 and 400
hours (only 39 partners of patients), which is probably the reason for the large
standard error. No clear conclusion can be made due to this.
For people working between 400 and 1600 hours no clear effect can be found, with
an estimated effect close to zero. For the group that worked at least 1600 hours
in the last year prior to diagnosis a decrease of 1.3 percent is found, which is not
significant. The difference between the second and third group is in line with the
hypothesis that people that worked a large number of hours are more likely to
reduce number of hours worked. However, the difference between groups is more
clear for employment than for the number of hours worked.

35400 hours is used as a threshold, since an individual working 400 hours in a year worked
slightly less than 8 weekly hours on a weekly basis. Thus individuals working below 400 hours
work less than a day on average, given that there are 52 weeks in a year. Similarly 1600 hours
is used as the next threshold, since people working less than 1600 hours a year worked less than
4 full days each week. People working more than 1600 hours in a year work close to full time.
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Table 11: treatment effects estimated with DR by hours worked before treatment

Employment Log hours worked
Estimate Std. Error Estimate Std. Error

hours < 400 0.055** 0.028 -0.070 0.173
400 ≤ hours ≤ 1600 0.014 0.016 -0.005 0.026
hours > 1600 -0.002 0.006 -0.013 0.009

Note: Standard errors are clustered on an individual level. Control variables used: age in
2013, number of children, duration relationship before 2013, direct migration background,
indirect migration background, marital status, education level and gender.
Sample sizes employment: hours < 400: n = 221, 400 ≤ hours ≤ 1600: n = 281, hours > 1600:
n = 750. Sample sizes hours worked: hours < 400: n = 39, 400 ≤ hours ≤ 1600: n = 267,
hours > 1600: n = 744
*** p < 0.01, ** p < 0.05, * p < 0.1

5.2.3 Dynamic Treatment Effect

In Figure 12 plots can be found with the dynamics of the treatment effect for
partners of patients on employment. It shows the estimated ATT in different
time periods, together with a 90 percent confidence interval36.
No clear effects can be found before treatment. This is confirmed by a joint wald
test on pre-treatment ATTs being zero. Using TWFE the p-value is 0.223, with it
being 0.265 for DR estimation. Hence the parallel trends assumption is plausible,
even though p-values are lower than those previously found for patients. More
caution should be taken regarding the possibility of parallel trends not holding.
For both the TWFE and DR estimation the effect found is positive in each of
the post-treatment periods, but never significant. The magnitude of the effect
increases over the years. This could indicate that unemployed partners are more
likely to start looking for a job when problems of their partners do not fade over
time37.
Considering the effect is positive and comparable in all post-treatment periods,
it is likely that indeed the diagnosis with cancer increases partner employment
slightly. The confidence interval is big which may be caused by the smaller sample
size. Using a bigger sample size, effects could become more clear. That said,
effects are still insignificant and therefore an increase in employment cannot be
concluded with certainty.

36For partners a 90 percent confidence interval is used to show significance since this can
more clearly depict how close estimates are to significance. For patients themselves a 95 percent
confidence interval was used since those estimates were clearly significant. Thus when comparing
effects on both groups, this difference should be kept in mind.

37The treatment effects on patients do not fade over time, as shown by estimating dynamic
effects in the previous section.
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(a) TWFE (b) DR

Figure 12: Dynamic effects employment partners with 90 percent confidence in-
terval

In Figure 13 similarly the pattern of treatment effects can be found for the num-
ber of hours worked. Here TWFE and DR find different results. Using TWFE
estimation treatment is associated with a decrease in the number of hours worked
in the first two periods after treatment. This switches to an increase in the third
time period after treatment and the effect stays positive in later time periods.
Using DR estimation treatment is associated with a decrease in the number of
hours worked in all time periods after treatment. As mentioned TWFE probably
finds biased ATT’s and thus DR estimates are preferred. Using DR estimation,
the number of hours worked decreases for individuals whose partners are diag-
nosed with cancer, with the magnitude of the effect fairly stable over the years.
Again effects are not significant in most years.
The parallel trends assumption is plausible considering no significant effect can
be found before treatment. This is indicated by the Wald test as well, for which
p-values of 0.673 and 0.652 are found using TWFE and DR respectively

(a) TWFE (b) DR

Figure 13: Dynamic treatment effects log hours worked partners with 90 percent
confidence interval
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5.2.4 Heterogeneity Treatment Effect

In this section the heterogeneity of treatment effects are considered. Tables for
this section can be found in Appendix E38. Table E.1 contains the fixed effects
triple differences estimates on employment for partners of patients. These give
insight into the heterogeneity of effects by different covariates.
Female partners experience a bigger increase in employment compared to male
partners. The baseline treatment effect for male partners is an insignificant 0.1
percentage point increase. An additional 1.9 percentage point increase is found
for female partners, leading to a total increase of of 2.0 percentage point for fe-
males. Part of the difference between genders can be explained by female partners
being more likely to work a small number of hours compared to male partners.
Previously it was shown that the effect on employment depends on the number of
hours worked before diagnosis. Both the baseline estimate and the added effect
for females are not significant. To check whether a significant effect can be found
when only considering female partners, TWFE and DR estimation have been
implemented on a subset with only female partners and their matched controls.
The estimated ATT is comparable to the 2.0 percentage point increase found by
adding up the baseline and female specific effects, but are still insignificant at any
widely used significance level.
Effects are mainly found for partners with a primary education level, with an es-
timated baseline employment increase of 8.6 percentage point. Having obtained a
secondary or tertiary education degree leads to a decrease of the effect by 8.2 and
8.1 percentage point respectively. Adding this to the baseline effect of 8.6 percent-
age point results in only a 0.4-0.5 percentage point increase for these groups. The
effect on individuals that only obtained primary education is still insignificant,
which probably has to do with the small number of individuals in this category39.
Hence this finding is not very reliable.
Migration background, number of children and being married do not have a con-
siderable impact on the treatment effect40. The coefficients for interaction terms
between these variables and the treatment effect are all small and insignificant.

Similarly in Table E.2 these results can be found for the log number of hours
worked. Results are similar, but the coefficient for the interaction term with
gender is far from significant as well. It does switch the sign however, with
a positive effect found for females, while the effect is negative for males. The
effect is positive for both primary and tertiary education, while being negative
for those that achieved secondary education as the highest level. All these effects
are insignificant.

38Tables are presented in the appendix since they take multiple pages.
39For only 19 partners of patients, the highest obtained education level was primary (see

Table 5)
40All considered individuals are partners. Therefore it makes sense that being married does

not have a big effects, especially considering that a registered partnership is equivalent to mar-
riage in the Netherlands (Government of the Netherlands, 2022)
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Next the heterogeneity of effects for different types of tumors and stages at di-
agnosis are discussed. Treatment effects are estimated by both TWFE and DR
estimation, with separate estimations used for each subgroup. Results can be
found in Tables E.3 and E.4. The number of partners of patients with the consid-
ered characteristics are reported in the tables as well. Group sizes are generally
small, which is especially the case for endocrine, digestive system and CNS can-
cer, as well as stage four tumors. For these groups the estimated effects are not
very reliable and can only give an indication of possible effects within the group.
Results of both the effects on employment and the number of hours worked seem
to vary by different tumor stages. The effect fluctuates, instead of it being con-
sistently increasing or decreasing by the stage. This is unexpected since the stage
is ordinal, so it would be more logical when effects would steadily increase or
decrease by higher stages. Standard errors are generally big compared to esti-
mated treatment effects, probably partly caused by small group sizes. No clear
conclusion can be made on the effect of the stage on treatment effects.
The type of tumor influences effects on employment, see Table E.3. The treat-
ment effect on employment is relatively large on partners of patients diagnosed
with male genital tumors, but still insignificant. For partners of patients diag-
nosed with endocrine cancer the treatment effect on employment is significantly
positive when using DR estimation, while the effect is smaller and insignificant
when TWFE is used. On these partners a 8.1 percentage point increase in em-
ployment is found using DR, while this is only 1.7 when TWFE is used. The big
difference can partly be explained by modelling differences with regards to the
base year to which after treatment periods are compared41. The magnitude of the
effect found for endocrine tumors is not very reliable given the group size and the
effect differing highly by the base years used. Still it is likely that it has a positive
effect on employment. Partners of patients with endocrine or male genital cancer
were mostly female, which could account for a part of found effects.
The effect on employment is significantly negative for partners of patients suf-
fering from breast cancer when DR is used, with it again being insignificant us-
ing TWFE. This likely has to do with the issues with TWFE as discussed by
(Sant’Anna & Zhao, 2020) and thus DR is more reliable42. Having a partner
diagnosed with breast cancer is associated with a 2.7 percentage point decrease in
employment using DR estimation. This is different from effects found by Bradley
and Dahman (2013). While they did find a negative effect on employment for hus-

41In the computation of the overall ATT using TWFE, time periods after treatment are
compared to all pre-treatment periods. The overall ATT of DR is computed by averaging
the ATT’s found by comparing time periods after treatment with only the last pre-treatment
period. This has a substantial impact for this specific estimated effect, while the impact on other
estimates is generally negligible. In the robustness section this difference be explained further
and clarifications will be given on where such problem could have impacted the differences
between TWFE and DR estimates.

42For breast cancer, the difference in base year between TWFE and DR does not substantially
affect found treatment effects.
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bands of women diagnosed with breast cancer in the short term, this effect was
insignificant when it was assessed nine months after the start of cancer treatment.

The effects on the number of hours worked in Table E.4 also differ by tumor
type. Digestive system tumors are associated with a 14.2 percent decrease in the
number of hours worked using DR and 8.7 percent decrease using TWFE. The
difference between both is partly due to differences in the base year used, with
more explanation on this in the robustness section. The estimated ATT for this
type of cancer is significant, but only based on a small number of observations
(n = 50). Female genital cancer is associated with a relatively large 7.2 percent
decrease in the number of hours worked, but this effect is not significant. For
breast cancer the estimated effect is negative, but insignificant. This is in line
with Bradley and Dahman (2013), who found no significant effect of breast cancer
on spousal number of hours worked in the long term.

As stated before, the number of observations used is small. This partly causes the
insignificance of effects. The reliability of effects found for cancer types with a
small number of observations is doubtful and they should be taken with caution.
Treatment effects found can give an indication of possible effects, but for more
reliable estimates on specific types of cancer, research with more observations is
necessary. Corresponding to this it is important to note that an insignificance of
effects does not necessarily mean the absence of an effect, since this can also be
due to a high standard error caused by the small number of observations.
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6 Robustness of estimates
Education has been imputed. As previously explained, it is not likely that this
imputation results in biased outcomes. To check again whether it had any ef-
fects, estimations on employment and hours worked have been conducted while
leaving out education as control variable. In Table F.1, the results of this can be
found. When patients are considered, differences are very small. For the partners
differences are almost non existing, which is logical since education varied barely
for this group and using TWFE it was therefore even left out of estimation. The
imputation of education thus does not have a considerable impact.

Further, the definition of employment may affect outcomes. In this research a
definition of at least 52 hours per year is used43. To check for differences with
different definitions of employed, estimations are also conducted while considering
someone employed when only one hour has been worked in a year. This decreases
the effects on employment slightly, while effects on hours worked increase. This
could be expected. In the estimation where a minimum of 52 hours is used to
be considered employed, people that almost stop working and decrease hours to
e.g. 10 hours in a year are seen as unemployed. These people are not taken into
account for the effect on hours worked. When a minimum of 1 hours is used,
these same people will be considered employed. Their reduction in work hours is
then captured in the analysis on the amount of hours worked.
Differences in the treatment effects are negligible when considering partners. Us-
ing one hour as the minimum did however decrease the p-value of pre trend tests.
There may thus have been a difference in the trend of people working less than 52
hours between the treatment and control group. Considering the small number
of hours worked in this group and the small group size, it is likely that this has
to do with randomness.

It is also possible that patients are already ill before the diagnosis. There can
be some time between the first symptoms and the diagnosis. Thus it is possi-
ble that the first effects are already found a year before diagnosis. This would
violate the assumption of no anticipation. Since no significant treatment effects
are found prior to diagnosis, it is unlikely that such a problem affects estimates.
To check this again estimation is performed while accounting for possible antic-
ipation, which can be done using DR estimation. The base year, to which post
treatment outcomes are compared, is changed to one year earlier, while still only
considering years after diagnosis for the computation of the overall ATT. Esti-
mates are thus based on the differences between treated years and the time period
two years before treatment, which is 2011 or year -2 in this case.
For patients the effect on employment does not change when using one year of
anticipation. The effect on the number of hours worked is more negative when
one year anticipation is used, with an estimated reduction in employment of 4.88

43See the data section for explanations on this choice
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percentage point. This was 3.88 percentage point when no anticipation is used.
It is possible that patients already reduce hours worked before diagnosis due to
illness. The difference between both estimates is within the magnitude of the
standard error. Anticipation thus does not have a big impact and differences are
possibly just due to randomness.

Significant differences in child births between patients and their partners and the
control group may impact estimates as well. To assess this difference analyses
are conducted on the number of children living with a couple based on household
data. The partner group has been used for this. In the appendix, Figure F.1
can be found which plots the number of children living with couples for both the
treatment and control group. Before treatment the trend is parallel, but after
treatment the average number of children increases faster for controls. Using DiD
it is found that a cancer diagnosis leads to a decrease in the number of children
living with a couple of 0.062. While the effect is small, it is significant even at a
99 percent significance level. Since childbirth can lead to decisions such as stop-
ping with work or reducing hours worked, this difference could have an impact on
the estimates. In particular, including the number of children in the estimation
may result in biased estimation of the ATT (Zeldow & Hatfield, 2021). In the
supplemental material to this paper Zeldow and Hatfield (2021) further elaborate
onto the problems with a covariate which is affected by treatment and affects
the outcome. They show that both adjusting and not adjusting for this type of
covariate may yield biased results. Not adjusting for it mainly causes problems
with the parallel trends, while adjusting for it can absorb a part of the treatment
effects.
To find out in what extend the decision whether or not to include the number
of children as a covariate affects outcomes, estimations have been performed ex-
cluding this covariate as well. Differences between estimates with and without
the number of children are very small and insignificant. Even for genital tumors
the differences are negligible, while these types of tumors have a big impact on
fertility (Vakalopoulos, Dimou, Anagnostou, and Zeginiadou (2015) and Wilmoth
and Spinelli (2000)).

For partners sometimes large differences between effects estimated using TWFE
and DR are found. This can be due to modelling choices on how overall effects
are constructed, which differ for TWFE and DR44.
The overall effect estimated using TWFE is constructed by a regression comparing
all periods before treatment with all periods after treatment, see equation (10).
Using DR, the overall effect is estimated by averaging over all ATT’s estimated
for each post treatment time period using the last year before treatment as base
year. This has two main implications that can influence estimates:

44For the estimated effects on which this applies, a reference has previously be made to this
section. These are estimates on partner employment for endocrine and on partner hours worked
for digestive system cancer
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1. When estimated ATT’s before treatment are different from 0, using all pre-
treatment time periods (as in TWFE) or using only the last year before
treatment as base year (as in DR) can give different estimates.

2. If the panel is unbalanced and treatment effects differ over time, differences
in post treatment aggregation of effects can lead to different estimates45.

The first implication accounts for the largest part of the differences between
TWFE and DR estimated effects on employment for partners of patients with
endocrine cancer46. While clearly insignificant, the estimated pre-treatment ef-
fects are positive in year -2 and -3. When these time periods are taken into account
instead of only the base year, the estimated overall ATT becomes smaller. It is
possible to calculate the TWFE estimate similarly to DR. For this the average
of the post treatment ATTs, estimated using dynamic effects with TWFE, is cal-
culated. By using this method, the overall effect estimated by TWFE increases
strongly and is closer to that estimated using DR.
Thus for endocrine cancer, found effects highly depend on the type of base year(s)
used in the calculation of effects. This implies that these results are not reliable,
since these modelling choices should not have such an impact. The same is the
case when effects on the number of hours worked for digestive system tumors on
partners is calculated. However, the effect found for that tumor type is significant
regardless of which base year is used.
For other estimated effects, differences due to the choice of base years are small
and negligible. The problems only occur when small sample sizes are used, which
can result in relatively large but still insignificant estimated pre-treatment effects.
The larger but insignificant pre-treatment effect can still cause estimates to highly
depend on the choice of the base year definition. Difference-in-differences meth-
ods can thus be very sensitive to the choice of the base year when small samples
are used. In such instances it is important to check how differences in the base
year affects estimation. Substantial differences in effects found can indicate that
the estimation is unreliable.

45This difference can be most clearly explained by a simple example. Let there be two post
treatment time periods, where half of the individuals in the sample in the first period have
dropped out in the second. Let the ATT estimated in the first post treatment time period be
5 and 20 in the second post treatment time period. Then using the TWFE method described
above, where simply every post treatment observation is considered separately in aggregation
the overall ATT is 2∗5+1∗20

3 = 10. Using the DR method described above, the ATT’s estimated
in both time periods are given the same wight, independent of the number of individuals leading
to an overall ATT of 5+20

2 = 12.5. Hence the aggregation method can significantly impact the
overall effect when treatment effects and the number of individuals available both differ over time

46Treatment is estimated to increase partner employment by 1.7 percentage point using
TWFE, while this is 8.1 percentage point using DR
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7 Conclusion
This thesis focused on identifying the effects of a cancer diagnosis on employment
for AYA patients and the spillover effect to partners. Mainly large effects were
found on patients. For the partners, some effects could be found but these were
often insignificant.

On patients, a cancer diagnosis is associated with a 3.8 percentage point reduction
in employment probability, a 3.8 percent decrease in the number of hours worked
when employed and a 1.3 percentage point decrease in self employment. In the
long term, surviving cancer as an AYA reduces the probability of having a per-
manent contract when employed. While the magnitude of effects differ slightly,
these findings are similar to previous studies.
The results differ strongly by differences between patients. Both having a migra-
tion background and being female are associated with a larger treatment effect,
while having completed higher education reduces the effect. CNS tumors are as-
sociated with a very big treatment effect, while skin cancer does not affect work
outcomes47. Both a higher stage at diagnosis and a higher number of different
cancer treatments increases the magnitude of effects as would be expected. Lastly
effects are smaller when local or organ surgery is used.
Chan et al. (2008) found that vocational rehabilitation services increases the em-
ployment of survivors, with 57 percent of unemployed survivors finding a job
after receiving these services. This research was conducted on survivors aged
16 or older, with a mean of 40 years old. Considering the results found in this
thesis, these types of programs could be more specifically targeted at those sub
groups which are most in danger of becoming unemployed. This could not only
positively impact the income of patients, but also their psychological well being
(Peteet (2000), De Boer et al. (2008) and Blinder and Gany (2020)).

While clear effects could be found for patients, the spillover effects to partners is
limited. Effects found for partners were generally small and in most cases insignif-
icant. Having a partner which is diagnosed with cancer did increase employment
by 0.8 percentage point, though this effect was not significant. The number of
hours worked is decreased significantly by 2.4 percent. The minor effects that
are found are persistent over time. When only partners are considered that were
unemployed in the last year before diagnosis, or worked less than 400 hours, the
employment probability is increased significantly by 5.5 percentage point. For
them the added worker effect seems to outweigh the caregiver and joint leisure
effects. For groups that worked more than 400 hours, no effect is found. Hence
the effect on employment differs strongly based on employment characteristics be-
fore treatment. The found treatment effects differ from findings in most studies

47These are only the two biggest outliers. Other types of cancer had different effects as well.
For more in depth information on these effects, refer to the results section and Appendix D
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concerning health shocks48. This may indicate that partners of young people are
affected differently than older partners, since the other studies did not specifically
target partners of AYAs

The effect on partner employment depends on gender. For male partners no
effects is found. For females an increased employment of 2.0 percentage point is
found, though the effect is still insignificant. Other covariates did not have a clear
impact on the treatment effect, which may sometimes be due to few observations
within categories.
While effects seem different for different stages of tumors, no clear conclusion can
be made on how stages affect the treatment effect. The type of tumor affects
the treatment effect. These differences may partly be due to gender differences
of partners for certain types of tumors. Endocrine and male genital tumors are
associated with a relatively large positive treatment effect on the employment of
partners, while the effect was negative for partners of patients diagnosed with
breast cancer. Further, digestive system tumors are associated with the biggest
decrease in the number of hours worked by partners of patients. For digestive
system and endocrine cancer sample sizes are small, due to which the reported
effects for them may be unreliable.

Altogether effects on partners are small, though employment does seem to slightly
increase while the number of hours worked when employed decreases. These effects
depend on the work situation prior to diagnosis.
Help with employment related issues, such as vocational rehabilitation services,
should therefore primarily target the patients themselves. The diagnosis has a
bigger impact on their work than on the work of partners.

48These differences are discussed in more detail in the results section
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8 Discussion
In this section some possible problems with the validity of findings are discussed.
Further, some areas are given in which future research could add on findings in
this thesis.

The main assumption that is needed for valid estimates of the treatment effect
on the treated is that parallel trends hold. Tests indicate that this assumption is
likely to hold. However there are only few time periods prior to treatment, which
means the trend cannot be assessed over a longer time period. This would give
more insights in the plausibility of the assumption. For partners of patients the
trends visually did not look very similar. While tests indicate that parallel trends
are plausible, the findings should be taken with some more caution.
Even though the parallel trends cannot be validated with certainty, I believe the
results are reasonable. The construction of the control group guarantees that
patients and their partners are compared to similar people.

One threat that must always be considered when analysing treatment effects,
which could invalidate parallel trends, is a selection into treatment bias. As
previously mentioned, cancer is thought to be mostly random at a young age
and does not depend on lifestyle choices (American Cancer Society, 2022). The
probability of contracting a tumor does increase based on age, but this is taken
account for by the matching procedure. Hence it is unlikely that this type selection
bias is a problem.

It is always possible that there are unobserved confounders which are not con-
trolled for. These can e.g. be time invariant variables that have a time varying
effect on the outcome, while there is a level difference of this covariate between
the treatment and control group (Zeldow & Hatfield, 2021). As demographic co-
variates are used to match upon and controlled for in estimation, it is unlikely
that this plays an important role but the possibility still exists. Other possible
confounders are time varying variables that either develop differently in the treat-
ment or control group, or have a time varying effect while there is a level difference
for this covariate between both groups (Zeldow & Hatfield, 2021). Multiple time
varying covariates have been considered, with most of these not developing differ-
ently between the two groups. These are not confounders by the aforementioned
definition. Only the number of children is likely to be a confounder, though it
can be seen as a mediator49. In the robustness section this possible confounder
has been investigated further. It does not have a substantial impact. Still the
existence of other time varying confounders cannot be completely ruled out.

Next some possible research areas are given which could add upon findings from
this thesis. Data has been used of cancer patients that survived for at least 5

49A time varying confounder in which differences are caused by treatment itself are referred
to as mediators, which are variables through which treatment indirectly affects the outcome
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years after diagnosis. Since the survival probability is directly associated with the
severity of a tumor, this means that patients with more severe types of cancer are
underrepresented in this study. The effects found on partners are also specifically
for partners of this subgroup of patients. Fadlon and Nielsen (2021) previously
focused on the spousal labor effects of both fatal and non fatal health shocks. They
found no effect for spouse of surviving patients, while large effects were found for
partners of deceased patients. Hence it is likely that results differ strongly between
both groups when partners of AYA cancer patients are considered. Investigation
into spousal labor effects when patients do not survive 5 years could give important
insights into the spillover effects of a cancer diagnosis for this different group.

The different effects that probably play an important role in the spillover effects
into the labor of patients are likely to differ substantially between countries. The
added worker effect probably depends on the social security laws within a country,
while the caregiver effect could depend on the accessibility and affordability of
healthcare in a country. Therefore these results found using Dutch data do not
necessarily give a good representation of effects in countries with other social
security and healthcare regulations. Similar research in different countries could
add on the knowledge of spousal labor effects and their dependency on countries.

When more specific sub groups were considered, such as only partners of patients
diagnosed with a certain type of cancer, the group size was often very small. This
can partly explain why these results are insignificant, while reliability of treatment
effects found is smaller due to the small sample size as well. Research using larger
groups likely finds more reliable estimates.

Lastly partners of patients may face issues in different areas than employment,
while employment related issues themselves can go beyond those measured in
objective data on employment and hours worked. Takeuchi, Ichikura, Amano,
Takeshita, and Hisamura (2018) find that partners of AYA patients face com-
parable social difficulties to patients in many categories. Amano et al. (2019)
similarly find psychological distress and a lower quality of life for the spouse of
cancer patients, which was especially notable for young spouses. Further research
into AYA spousal effects is important, especially considering social issues they
could face. This research could be conducted in a more qualitative manner, e.g.
by conducting interviews to identify the biggest issues faced.
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Appendices

A Literature overview effect cancer diagnosis on survivors
As stated in the introduction, a cancer diagnosis has a substantial impact on
employment of a patient. While many researches do not focus on AYA patients,
do not use population data or have no control group, previous literature may give
a good indication of effects that can be found. Below an overview is given of
previous findings, such as stated in the introduction.

Leuteritz et al. (2021) and Parsons et al. (2012) did look into employment related
issues. They both find that most survivors do return to work. The percentage
that returns to work depends on the type of cancer as well as treatment intensity,
insurance and quitting the current job/school directly after diagnosis. Further,
Leuteritz et al. (2021) find that survivors often work reduced hours.
Both papers are based on survey data, which could make data less reliable (Bound,
Brown, & Mathiowetz, 2001). This reliability issue can be shown by an example
from research in Denmark. In a comparison between survey and register data on
gross income in Denmark, the mean of the survey data was biased while the data
was noisy as well (Kreiner, Lassen, & Leth-Petersen, 2013). On top of this neither
of the papers uses a control group. Hence no reliable comparison with the whole
population can be made. In a literature overview, Warner et al. (2016) concluded
that new research into the social well-being of AYAs with cancer should among
others be focused on employment reintegration and should be conducted using
comparison groups.

Teckle et al. (2018) and Gunnes et al. (2016) did use population data to investigate
the effects of surviving cancer at a young age on income and employment. Teckle
et al. (2018) finds that survivors earned significantly less. The magnitude of this
effect differs based on the type of therapy and cancer. The effect is the biggest for
survivors that only received radiotherapy or were diagnosed with central nervous
system (CNS) and soft tissue sarcoma cancer. Gunnes et al. (2016) focus on the
effect on employment and similarly find a negative effect of surviving cancer at
a young age. Again the effect is the biggest for survivors of CNS cancer, while
the effect is bigger for female survivors as well. Note that both papers only focus
on effects for survivors diagnosed before age 25. Similar effects are found for
adults (Syse et al. (2008), Zajacova et al. (2015) and Vaalavuo (2021)). Further,
Mehnert (2011) shows that flexible working arrangements, counseling, training
and rehabilitation services, higher levels of education, male gender, less physical
symptoms, shorter sick leave and continuity of care increase the the probability
of returning to work for survivors. None of these researches focuses specifically
on AYAs.
While most mentioned papers are from medical journals, similar effects are found
in papers published in journals focused on health economics. Moran et al. (2011)
find a reduction of employment by 7-8 percentage point for cancer survivors.
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Cancer survivors are also found to reduce hours, with a reduction of 3.5 hours
per week for females and 5.5 hours per week for males. the effect considering the
number of hours worked included those survivors that stopped working. Heinesen
et al. (2018) similarly finds a 7 percentage point decrease in employment, with the
effect being bigger when survivors are lower educated. Jeon (2017) finds a alightly
smaller negative effect of 5 percentage point reduction in employment. Heinesen
and Kolodziejczyk (2013) also finds negative effects for both breast and colorectal
cancer. Bradley et al. (2002) find that breast cancer patients are 10 percentage
point less likely to be employed in the first 2 years after diagnosis, with this
dropping to 6 percent from 3 years after diagnosis. Interestingly those patients
that are employed work 1 hour more per week in the first 2 years after diagnosis,
with this being increased to 4 hours per week from 3 years after diagnosis.
Bradley, Neumark, Bednarek, and Schenk (2005) find a reduction of employment
by 17 percentage point 6 months after diagnosis. Part of this high percentage
compared to other research may be due to the inclusion of all patients, instead of
only those are still alive after multiple years. This probably results in a sample
containing more severe cases.

While research into returning to work for AYAs has not been done extensively,
it is important to gain more knowledge on the subject. Only 24 percent of AYA
cancer patients that returned to work reported cancer related financial distress,
while this is 68 percent for patients that did not return to work (Leuteritz et
al., 2021). However the positive effects go beyond only financial related effects.
Returning to work can improve the self esteem of cancer survivors (Peteet, 2000).
For breast cancer patients, being employed improved the quality of life in general,
while a positive effect is found for physical well being, functional well being and
social well being (Timperi et al., 2013). Similarly breast cancer patients who
continued working during and after treatment were less likely to suffer from psy-
chosocial distress such as depression, had a better physical functioning and again
a higher quality of life (Mahar, BrintzenhofeSzoc, & Shields, 2008). Not being
able to return to work after illness can lead to social isolation and reduction of
self-esteem (Spelten, Sprangers, & Verbeek, 2002). Further, patients often see re-
turning to work as a symbol of regaining a normal life and full recovery (De Boer
et al., 2008), while ongoing employment and return to work are linked to a sense
of normalcy and control for patients as well (Blinder & Gany, 2020). This stresses
the importance of work for the well-being of survivors.
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B Appendix to Section 3

Table B.1: Oncological data on patients with partners

Frequency Percentage
Type of tumor

Breast 325 26.0%
Bone, cartilage and soft tissue 25 2.0%
Central Nervous System 35 2.8%
Endocrine 60 4.8%
Hematologic 136 10.9%
Head and neck 19 1.5%
Skin 283 22.6%
Lung 11 0.9%
Male genitals 160 12.8%
Female genitals 102 8.1%
Digestive system 57 4.6%
Urinary tract 32 2.6%
Other 7 0.6%

Stage
I 684 54.6%
II 288 23.0%
III 133 10.6%
IV 51 4.1%
Missing 96 7.7%
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C Appendix to Section 4
C.1 Appendix to Subsection 4.2

Below a proof is given of equation (9) identifying the ATT under the assumptions
mentioned in Section 4.2 (Lechner, 2011):

ATT = E[y1
i1 − y0

i1|di = 1]
SUT V A= E[yi1|di = 1] − E[y0

i1|di = 1]
P T= E[yi1|di = 1] − (E[y0

i1|di = 0] − E[y0
i0|di = 0] + E[y0

i0|di = 1])
SUT V A= E[yi1|di = 1] − (E[yi1|di = 0] − E[yi0|di = 0] + E[y0

i0|di = 1])
NEP T= E[yi1|di = 1] − (E[yi1|di = 0] − E[yi0|di = 0] + E[y1

i0|di = 1])
SUT V A= E[yi1|di = 1] − (E[yi1|di = 0] − E[yi0|di = 0] + E[yi0|di = 1])
= (E[yi1|di = 1] − E[yi1|di = 0]) − (E[yi0|di = 1] − E[yi0|di = 0])

C.2 Appendix to Subsection 4.3

In equation 10 noted α corresponds to the effect of interest, the ATT. To provide
some intuition behind this claim, equation (9) can be used by substituting yit

from equation (10) (Theloudis, 2021). Note that using Assumption 2 it is known
that E[xit|di = 0] = E[xit|di = 1] = E[xit] ∀t, which will be used below. Let
two time periods be considered again: t = 0 before treatment and t = 1 after
treatment. Then taking the expectations in equation (9) we get:

• E[yi0|di = 0] = β0 + λ0 + βE[xi0]

• E[yi0|di = 1] = β0 + λ0 + γ + βE[xi0]

• E[yi1|di = 0] = β0 + λ1 + βE[xi1]

• E[yi1|di = 1] = β0 + γ + α + λ1 + βE[xi1]

And thus equation (9) yields:

ATT = (E[yi1|di = 1] − E[yi1|di = 0]) − (E[yi0|di = 1] − E[yi0|di = 0])
= ((β0 + γ + α + λ1 + βE[xi1]) − (β0 + λ1 + βE[xi1])−

((β0 + λ0 + γ + βE[xi0]) − (β0 + λ0 + βE[xi0]))
= γ + α − γ

= α
(18)
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D Detailed results patients
D.1 Appendix to Section 5.2.1

The trend in Figure 4 resembles data from Eurostat (2022) based on The Eu-
ropean Union Labour Force Survey for the same time period. In the data the
Dutch population of 15 through 39 year old are included. Figure D.1 shows the
employment over the years based on these data. The age composition of people
considered in the Eurostat data differs slightly. In the control group the same
people are followed over years, while the Eurostat considers people that are in
certain age groups in the year observed. Therefore the average age of people in
the control group increases over the years while this hardly changes in the Euro-
stat data. Altogether due to these reasons it is logical that there are differences
between the figures, while the trend is somewhat similar.

Figure D.1: Employment in the Netherlands for age group 15-39 using data from
Eurostat (2022)
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Figure D.2: log hours worked control and treatment group
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D.2 Dynamics treatment effect

(a) employment,
Wald test p-value: 0.83

(b) Log hours worked,
Wald test p-value: 0.98

(c) Self employment,
Wald test p-value: 0.51

(d) Contract type,
Wald test p-value: 0.18

Figure D.3: Dynamic treatment effects patients with 95 percent confidence inter-
val, using TWFE estimation

D.3 Heterogeneity treatment effect
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Table D.3: Heterogeneity effects on employment by oncological data for patients

Treatment effect TWFE treatment effect DR
Estimate Std. Error Estimate Std. Error

Type of tumor
Breast (n = 493) -0.058*** 0.012 -0.056*** 0.014
Hematologic (n = 321) -0.045*** 0.018 -0.048*** 0.018
Skin (n = 510) -0.0029 0.011 0.000 0.011
Male genitals (n = 433) 0.002 0.013 -0.009 0.016
Female genitals (n = 193) -0.039 0.024 -0.031 0.025
Endocrine (n = 123) -0.022 0.028 -0.016 0.028
Digestive system (n = 115) -0.024 0.028 0.005 0.030
CNS (n = 75) -0.256*** 0.043 -0.229*** 0.049

Stage
I (n = 1351) -0.022 0.017 -0.007 0.008
II (n = 539) -0.134*** 0.027 -0.056*** 0.015
III (n = 233) -0.128*** 0.040 -0.071*** 0.022
IV (n = 106) -0.130*** 0.058 -0.090*** 0.031

Number of different
types of treatment

0 (n = 60) -0.079* 0.046 -0.048 0.045
1 (n = 1348) -0.024*** 0.008 -0.023*** 0.008
2 (n = 602) -0.050*** 0.012 -0.053*** 0.014
3 (n = 245) -0.065*** 0.020 -0.059*** 0.022
4 (n = 201) -0.101*** 0.029 -0.090*** 0.033

Type of treatment
Organ surgery (n = 1340) -0.035*** 0.008 -0.036*** 0.009
Local Surgery (n = 709) -0.025*** 0.011 -0.023** 0.011
Chemotherapy (n = 1014) -0.064*** 0.010 -0.063*** 0.011
Radiotherapy (n = 720) -0.071*** 0.011 -0.065*** 0.012
Hormonal therapy (n = 307) -0.058*** 0.016 -0.060*** 0.018

Note: Standard errors are clustered on an individual level. Control variables used: age in
2013, education level, direct migration background, indirect migration background, registered
partnership & marital status and gender. Note that for TWFE models, time invariant controls
are left out of the estimation. For DR estimation, the control variables are used to condition on
Reported sample size n refers to the number of treated individuals considered. The number of
controls is approximately 10 times the reported number of treated individuals.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table D.4: Heterogeneity effects on log hours worked by oncological data for
patients

Treatment effect TWFE treatment effect DR
Estimate Std. Error Estimate Std. Error

Type of tumor
Breast (n = 385) -0.105*** 0.020 -0.083*** 0.025
Hematologic (n = 254) -0.188*** 0.031 -0.152*** 0.036
Skin (n = 435) 0.018 0.021 0.007 0.026
Male genitals (n = 366) -0.036 0.027 0.019 0.031
Female genitals (n = 148) 0.051 0.045 0.060 0.057
Endocrine (n = 96) -0.118** 0.057 -0.119* 0.068
Digestive system (n = 86) -0.056 0.053 -0.060 0.054
CNS (n = 48) -0.364*** 0.072 -0.147 0.112

Stage
I (n = 1120) -0.011 0.014 -0.009 0.018
II (n = 451) -0.124*** 0.022 -0.078*** 0.027
III (n = 197) -0.104*** 0.036 -0.040 0.043
IV (n = 85) -0.152*** 0.048 -0.076 0.063

Note: Standard errors are clustered on an individual level. Control variables used: age in
2013, education level, direct migration background, indirect migration background, registered
partnership & marital status and gender. Note that for TWFE models, time invariant controls
are left out of the estimation. For DR estimation, the control variables are used to condition on
*** p < 0.01, ** p < 0.05, * p < 0.1
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E Detailed results partners
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Table E.3: Treatment effect employment partner by oncological characteristics

Treatment effect TWFE treatment effect DR
Estimate Std. Error Estimate Std. Error

Type of tumor
Breast (n = 325) -0.015 0.013 -0.027** 0.014
Hematologic (n = 136) 0.020 0.023 0.014 0.031
Skin (n = 283) 0.004 0.013 -0.001 0.015
Male genitals (n = 160) 0.030 0.019 0.044 0.028
Female genitals (n = 102) 0.026 0.029 0.025 0.032
Endocrine (n = 60) 0.017 0.026 0.081** 0.040
Digestive system (n = 57) -0.024 0.030 -0.042 0.037
CNS (n = 35) 0.032 0.043 0.039 0.059

Stage
I (n = 684) 0.009 0.009 0.013 0.011
II (n = 288) -0.017 0.014 -0.025 0.017
III (n = 133) 0.010 0.020 0.031 0.025
IV (n = 51) 0.034 0.046 -0.003 0.053

Note: Standard errors are clustered on an individual level. Control variables used: age in
2013, number of children, duration relationship before 2013, direct migration background,
indirect migration background, education level, marital status and gender. Note that for
TWFE models, time invariant controls are left out of the estimation. For DR estimation, the
control variables are used to condition on.
Reported sample size n refers to the number of treated individuals considered. The number of
controls is approximately 5 times the reported number of treated individuals.
*** p < 0.01, ** p < 0.05, * p < 0.1
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Table E.4: Treatment effect log hours worked partner by oncological characteris-
tics

Treatment effect TWFE treatment effect DR
Estimate Std. Error Estimate Std. Error

Type of tumor
Breast (n = 262) -0.013 0.021 -0.011 0.030
Hematologic (n = 107) 0.051 0.038 0.056 0.050
Skin (n = 246) -0.016 0.019 0.000 0.023
Male genitals (n = 139) -0.003 0.035 -0.011 0.043
Female genitals (n = 84) -0.036 0.049 -0.075 0.060
Endocrine (n = 51) 0.071** 0.035 0.006 0.087
Digestive system (n = 50) -0.091* 0.051 -0.153*** 0.049
CNS (n = 29) 0.028 0.050 0.054 0.078

Stage
I (n = 582) -0.009 0.015 -0.023 0.018
II (n = 236) 0.002 0.023 0.004 0.030
III (n = 108) -0.010 0.027 -0.051 0.032
IV (n = 41) -0.010 0.064 -0.003 0.053

Note: Standard errors are clustered on an individual level. Control variables used: age in
2013, number of children, duration relationship before 2013, direct migration background,
indirect migration background, education level, marital status and gender. Note that for
TWFE models, time invariant controls are left out of the estimation. For DR estimation, the
control variables are used to condition on.
Reported sample size n refers to the number of treated individuals considered. The number of
controls is approximately 5 times the reported number of treated individuals.
*** p < 0.01, ** p < 0.05, * p < 0.1

83



F Appendix to Section 6

Table F.1: Estimated effects without education as control

TWFE DR
Group Outcome Estimate Std. Error Estimate Std. Error
Patients

Employed (n = 2456) -0.040*** 0.006 -0.040*** 0.006
Log hours worked (n = 1936) -0.069*** 0.011 -0.037*** 0.013

Partners
Employed (n = 1252) 0.007 0.007 0.008 0.008
Log hours worked (n = 1050) -0.006 0.011 -0.024* 0.014

Note: Standard errors are clustered on an individual level. Control variables used: Same as in
other tables for both patients and partners, but without education
Reported sample size n refers to the number of treated individuals considered. The number of
controls is approximately 5 times the reported number of treated individuals.
*** p < 0.01, ** p < 0.05, * p < 0.1

Figure F.1: Number of children over different years
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