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Abstract Research in patients with cancer and comorbidity poses methodological
challenges due to heterogeneous study populations, difficulties with recruitment and
a variety of relevant outcome measures. This chapter discusses methodological
choices regarding study design to ensure best fit with the research questions
regarding cancer and comorbidity, the most appropriate study populations and
potential strategies to recruit patients, the availability and fit of data sources,
methods to measure comorbidity, and relevant outcomes and strategies for statis-
tical analyses with a particular focus on the handling of longitudinal data.
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Key Points

• Similarly to other areas of research, choosing a study design should be primarily
guided by the research question one aims to answer (e.g. to describe a problem
or to reject a hypothesis) taking into account the pros and cons of the design
(such as the influence of recall bias and selection bias).

• Cancer patients with comorbidity form an older and very heterogeneous study
population and their recruitment is a major challenge. Strategies to improve
recruitment come at considerable costs, because they require a substantial
increase in time and efforts.

• There is no single comorbidity measure available that satisfies all needs.
A measure should be selected taking into account the research question, the
available data sources, and the context of the study (e.g. community setting,
nursing home, hospital).

• Statistical analyses of studies involving cancer patients with comorbidity should
take into account the skewedness and non-normality of data, dependence
between longitudinal clinical data and cancer related outcomes, competing
causes of death and individual illness trajectories.

12.1 Introduction

Comorbidity of cancer—the co-occurrence of cancer with one or more diseases
within one person—is a phenomenon with consequences for the patient, his or her
family and friends, the health care system and society at large. Similarly, clinical
research in this patient population is associated with complex methodological
considerations and decisions.

In a primary care based study Deckx et al. [1] reported that only 22 % of newly
diagnosed cancer patients did not have any co-occurring chronic disease; the vast
majority were suffering from diabetes, lipid disorders, ischemic heart disease,
myocardial infarction, and/or chronic obstructive pulmonary disease (COPD). In
addition to comorbidities present pre cancer diagnosis, Deckx et al. also found that
in the period following a cancer diagnosis other new chronic diseases develop,
sometimes as a result of cancer and/or its treatment (e.g. thrombosis), but overall in
a similar pattern to people from a similar age without a cancer diagnosis. Other
studies report slightly higher occurrence of comorbidity in cancer patients [2, 3], or
report an increased incidence of specific disease, for example deep venous
thrombosis [1, 4]. The presence of co-occurring conditions in cancer patients
increases patients’ complexity at many levels. Interactions between diseases and
their treatments may attenuate benefits and increase harms of any kind of diagnostic
or therapeutic intervention. Patients may be overwhelmed by treatment burden
resulting from multiple disorders and prioritization is needed. Therefore, a
single-disease perspective on cancer falls short when managing real world patients.
Research in this patient population has to take into account these clinical necessities
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but major challenges arise from this approach. In the following paragraphs we will
focus on challenges related to research in cancer and comorbidity and some
strategies to address these challenges will be provided.

Below, we summarize the key considerations that inform research in this field.

1. Comorbidity and multimorbidity are related but distinct concepts (see also
Chap. 1). Comorbidity is the presence of other chronic diseases in addition to
cancer; hence the index disease is cancer. Multimorbidity on the other hand does
not focus on an index disease but looks at the co-occurrence of multiple diseases
and conditions as a whole. Both concepts are helpful in research (and practice)
and should not be used interchangeably. For example, life expectancy of
patients with chronic heart failure is comparable to that of patients with colon,
prostate and breast cancer [5, 6]. Depending on the research question the con-
dition identified as the index disease may vary (heart failure with comorbid
cancer or cancer with comorbid heart failure) or should not follow a
pre-specified hierarchy at all. The choice of the appropriate concept—comor-
bidity or multimorbidity—provides a framework for the study and its further
operationalization supports the selection of outcome measures and procedures to
control for potential confounders.
Many research considerations for comorbidity and multimorbidity are similar,
given the overlap between both concepts. However, because this chapter focuses
on research challenges in patients with cancer and chronic diseases, we will
predominantly use the term ‘comorbidity’. We will only use the term ‘multi-
morbidity’ if the studies that are being discussed clearly focus on multimorbidity.

2. The choice of the appropriate study design is of crucial importance. Although,
the randomized controlled trial (RCT) design is the experimental gold standard
in intervention research, it is often not possible to test the effectiveness of
interventions such as a drug treatment in varying patterns of multimorbidity in
cancer patients. RCTs may be conducted for the most important
cancer-comorbidity combinations and observational studies may generate fur-
ther evidence whether an intervention has comparable or attenuated benefits in
cancer patients with and without comorbidity. Further, observational study
designs are helpful to estimate harm in patients with cancer and comorbidity,
e.g. arising from drug-disease and drug-drug interactions.

3. Older and more vulnerable patients will have to be included in the study
population to take comorbidity into account. This population has been gener-
ally excluded from randomized controlled trials [7], and in many other aspects
of cancer research [8, 9]. Although, more research in this population is needed,
research including an older and sicker population raises important method-
ological and ethical challenges relating to recruitment, survival of the fittest, and
hence requires special attention of researchers in this area.

4. Research in comorbidity of cancer cannot be limited to studies collecting pri-
mary data, given the enormous research needs and complexity. Other available
data sources collected for different purposes (e.g. claims data), data from
registries or research practice networks come to play. However, the use of these
data is frequently hampered by their variable validity and difficulties arising
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from combining different data sources. Combining available data sources with
additionally collected primary data may be preferable, but might not always be
feasible.

5. Comorbidity operationalization and measurement is needed to describe the
morbidity of the included population, to adjust for confounding, and to be
applied as an outcome in itself. With more than 10,000 known diseases the
number of potential combinations is vast. However, existing measures reflect
some ongoing discussion about definitions resulting in a multiplicity of opera-
tionalizations and instruments. Also, some of these instruments have been
developed and validated in certain populations and are applied in others. Their
use may be further complicated by limitations of available data sources.

6. The choice of appropriate outcome measures may be difficult and has to go
beyond the classical “hard outcomes”, such as survival and hospitalization. In
particular in older patients with cancer and comorbidity, quality of life often
outweighs length of survival [10]. In patient-centered care, the ultimate outcome
measure would include those preferred by the patients. However, goal attain-
ment scaling instruments have been restricted to rehabilitation medicine and
have been rarely applied in cancer until now [11, 12]. Appropriate (age-adapted)
measures of health related quality of life and functionality—including all
domains of social, cognitive, mental, and physical functioning—should be
applied to provide evidence to support decisions for or against certain treatments
adequately. The choice of outcomes may also be challenging in epidemiological
studies where research on the relationship between cancer, comorbidity, and
other potential determinants goes beyond mere correlation.

7. Statistical analyses in cancer research in general are not trivial, as they should
often include time-dependent analyses to take into consideration that neoplasms
have their specific natural course and that treatment at times is highly toxic.
Often, cancer status is unclear, disease may be progressive despite aggressive
treatment, and patients may develop serious toxicity as a consequence of the
treatment. This has led to the development of oncology-specific outcomes such
as disease free survival, prediction of toxicity, and tolerance to treatment, which
may not reflect the interaction with comorbidity. Interferences from comorbidity
or multimorbidity enhance the complexity of the statistical models and may
hamper the transparency of analyses as well as the interpretation of the results.

Box 1: Research challenges in studying the comorbidity of cancer

• Study design
• Study population
• Data sources
• Measures and operationalization of comorbidity
• Outcomes
• Statistical analyses of longitudinal data.

344 M. van den Akker et al.



12.2 Study Design—Design to Fit the Question

The choice of the appropriate study design is of crucial importance. The random-
ized controlled design is the gold standard when it comes to testing the effectiveness
of an intervention. However, the possible combinations of cancer and different
comorbid diseases are endless, which pushes us to explore other avenues.
Generally, study designs can be subdivided in descriptive studies versus analytic
studies, although there may be some overlap between both as well (see Fig. 12.1).

Descriptive studies generally focus on describing the characteristics of a study
population, i.e. the population of patients with cancer. The aim is to provide a
picture of what is happening in a population, for example the prevalence and
incidence of comorbidity in a population of cancer patients. This information is
often gathered using cross-sectional observational studies (e.g. population surveys).
Descriptive studies can also include qualitative studies. Qualitative studies gener-
ally aim to understand the experience of a certain problem. For example, a quali-
tative study design can be used to understand the impact of comorbidity on daily
life in cancer patients or the impact of comorbidity on top of cancer [13]. They can
also be used to understand the views of primary care physicians in the management
of comorbidity in cancer patients, since primary care physicians are seen as experts
in dealing with multimorbidity [14]. Other applications of a qualitative study
designs are to generate hypotheses or to provide in-depth understanding of quan-
titative studies. For example, a qualitative study design can be used as part of a
process evaluation of a new model of care that especially targets cancer patients
with extra needs, such as other chronic health problems.

Analytic studies generally attempt to quantify a relationship between two or
more factors. For example, analytic designs can be used to quantify the relation

Fig. 12.1 Study designs. Source [16]: adapted from http://www.cebm.net/study-designs/
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between comorbidity in cancer patients and different outcomes, such as treatment
toxicity, disease-free survival, and overall survival. The best-known analytical
study design is the randomized controlled trial, which is designed to test the effect
of an intervention. In this respect, the effect of a new drug can be tested in the
presence of comorbidity (e.g. compare a treatment group with and without
comorbidity to standard care). These studies are often referred to as trials or
experimental designs. Another type of analytic study design is the observational
study. This includes cohort studies, and case control studies, and they are often used
to evaluate the effect of an exposure on an outcome, for example, to investigate the
effect of comorbidity (exposure) on cancer survival (outcome). However, there
might be some overlap between descriptive and analytic study designs as well.
Cross-sectional studies can be both descriptive and analytic. A population survey
can be used to describe the prevalence of comorbidity in cancer patients (e.g.
describe prevalence of comorbidity across different types of cancer and stage at
diagnosis). However, it can also be used to analyze the relationship between two
factors or groups (e.g. quantify the relation between presence or absence of
comorbidity and cancer stage at diagnosis).

Depending on the research question one aims to answer, a descriptive or more
analytic design might be more appropriate. Below we will discuss some examples
of different study designs that were used to study cancer and comorbidity. This is
not a comprehensive overview of study design. For such an overview we refer to
one of the many epidemiological handbooks, like the one from Rothman et al. [15].

As a first example, we will discuss the cross-sectional study design, which can
be both descriptive and analytic. Using a Medicare Health Outcomes Survey, Smith
et al. [2] illustrated the prevalence of the most common comorbid conditions in
cancer patients. The sample of cancer patients that participated had a mean age of
75 years and 48 % of them were female. For this sample, they showed that 54 % of
cancer patients had hypertension, 17 % had diabetes, and 10 % has had a
myocardial infarction. These findings are descriptive. However, because this survey
also included patients without cancer, Smith et al. were also able to analyze the
prevalence of comorbid conditions in patients with and without cancer. They found
that the prevalence of comorbid conditions was higher in cancer patients compared
to patients without cancer (e.g. the prevalence of diabetes was 17 % in cancer
patients compared to 16 % in patients without cancer, p < 0.0001) [2]. These
findings are analytic. Unfortunately, a cross-sectional survey study-design has some
limitations as well; it is based on self-reports, which makes it susceptible to
recall-bias and its cross-sectional nature only enables one to show an association
between two factors, not a direction of effect or causality. For example, Smith et al.
showed the prevalence of comorbid conditions, however, they were not able to
determine whether cancer patients are more likely to develop comorbid conditions
after their diagnosis and treatment.

A cohort study on the other hand can provide an answer to this question. Cohort
studies follow a group of persons forward in time from an exposure (e.g. diagnosis
of cancer) to one or more outcomes (e.g. new chronic conditions). Deckx et al. [1]
used a cohort study to assess the incidence of new comorbid conditions in cancer
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patients compared to patients without cancer, using data from a large primary care
based cohort study. This cohort study includes approximately 135,000 people,
participants are registered with a general practitioner (GP), and all their relevant
health problems are recorded continuously in time. All patients with cancer were
selected from this cohort and the incidence of new comorbid conditions—after the
diagnosis of cancer—was assessed and compared to the patients without a diagnosis
of cancer. They found that the incidence of new comorbid conditions was largely
similar for patients with and without cancer. Although a cohort study is the best
design to study the incidence and natural history of a problem, the disadvantages of
this design are that it is very time-consuming and labor-intensive, it relies strongly
on long-term and substantial commitments of the participants, and it is not feasible
in rare disorders.

Case-control studies are much more efficient from this perspective. In
case-control studies, patients with and without a disease (e.g. cancer) are recruited
and information on the exposure is then gathered retrospectively (e.g. evaluate
exposure to cigarettes in patients with and without lung cancer). For example, Hang
et al. [17] conducted a large case-control study to investigate the effects of lifestyle
factors and comorbidities on the risk for colorectal cancer. They recruited 1144
patients who were diagnosed with colorectal cancer and 60,549 community con-
trols. Both groups were interviewed using structured questionnaires that included
questions on comorbidity history and lifestyle factors. They found that four
comorbid conditions (diabetes, hyperlipidemia, inflammatory bowel disease and
polyps) and some lifestyle factors (e.g. reduced physical activity and eating red
meat) were associated with an increased risk for colorectal cancer. Nevertheless,
case-control studies have some limitations as well. For example, case-controls
studies are prone to recall bias; patients with the disease are more (or less) likely to
remember exposure compared to people without the disease. Also the selection of
an appropriate control group might be difficult (selection bias); it is important that
patients and controls are similar in all factors that could influence the relationship
under study (e.g. selection of controls could have been inappropriate if they were
generally younger and therefore had less or less severe comorbid conditions).

The latter is not an issue in a randomized controlled trial design. The random
allocation of participants to the treatment or the placebo group should ensure that
the two groups are balanced in terms of confounding factors (e.g. age and comorbid
conditions are balanced across both groups). Klepin et al. [18] reported the results
of a randomized controlled trial that focused on the influence of age and comor-
bidity. In the parent trial, women aged 65 years or older with stages I–III breast
cancer were randomly allocated to standard adjuvant chemotherapy or capecitabine
[19]. They found that women who were treated with standard chemotherapy had a
lower risk of breast cancer recurrence and death than those treated with capecita-
bine. In the companion study it was explored if women with a greater number of
comorbid conditions would experience more treatment toxicity during adjuvant
chemotherapy, if they would have a shorter time to relapse, and reduced overall
survival. It was shown that self-reported comorbidity was not associated with
toxicity, or breast cancer relapse, regardless of treatment (standard/capecitabine).
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However, having four or more comorbid conditions was associated with shorter
overall survival. Although this study was based on a randomized controlled trial
design—which is considered to be the gold standard for clinical trials—even this
study was not without limitations. For example, the authors acknowledged that the
analyses were restricted to a selected population of women healthy enough to
receive chemotherapy, which might contribute to a lower comorbidity burden at
baseline. In unselected real world patients, some adjustments of chemotherapy
regimen may be necessary to reduce toxicity. Here, an additional observational
cohort study might provide insight in the treatment outcomes of women who are not
fit enough to receive standard regimen.

In conclusion, no study design is perfect. Choosing a study design should be
primarily guided by the research question one aims to answer, taking into account
the pros and cons of the design.

12.3 Study Population—Tensions Between Homogeneity,
Reproducibility and Recruitment

In studies evaluating an intervention, like randomized controlled trials, homoge-
neous study populations are often recruited, to enable more specific effect estimates
and narrower confidence intervals. Historically, older patients have been under-
represented in clinical trials, as have been patients with (severe) comorbidity [7].
This is also true for trials evaluating cancer treatments [8, 9]. This approach,
however, comes at the cost of a decreased possibility to generalize study results. As
a result, there is a serious lack of information on both the efficacy and the effec-
tiveness of cancer treatment in patients with comorbidity, as well as a lack of
information regarding safety and adverse events of cancer treatment in this popu-
lation. But also, other questions regarding burden of treatment, quality of survival,
and acceptability of treatment in a vulnerable (older) population of cancer patients
with comorbidity remain largely unanswered.

Trying to find answers to important research questions relating to the effec-
tiveness of treatment, safety, and acceptability of treatment in more heterogeneous
study populations is often jeopardized by the difficult recruitment of cancer
patients with comorbidity. This has been identified as a major challenge in research
with older cancer patients [20, 21]. Low inclusion rates have been attributed to
limited physical and cognitive capacity of the patient, and insufficient awareness of
the study by the treating physicians [21]. From the patients’ perspective, barriers to
participation included feeling too anxious (40 %) or being not interested (25 %)
[22]. In this respect, it is important to carefully plan the moment of recruitment, e.g.
after the treatment plan is explained to the patient, when the first wave of anxiety
has decreased. A number of other strategies have been recommended to help
overcome age- and health-related barriers to participation [21–23]:
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• Providing information about the study in a written form, but always ensuring it
is explained face-to-face as well

• Including family members in the recruitment process; often they are concerned
about the burden it will place on the patient

• Informing and regularly reminding the entire hospital staff of the study
• Researchers being present in the clinics as much as possible to reinforce the

reminders when the physicians see their patients
• Performing data collection face-to-face while the patient is hospitalized, during

ambulatory care, or at home visits, ensuring no extra burden for the patients. If
this is not feasible, ensure at least one face-to-face contact at the start of the
study, so that the patient knows who is going to call them

• Keeping the length of the interview acceptable (less than one hour)
• Being flexible to reschedule interviews if the patient is not feeling well or if

hospital appointments are postponed
• Using the same interviewer as much as possible, also for follow-up data

collection
• Only providing a self-administered questionnaire if it is agreed with the patient

that this is feasible.

Unfortunately, these strategies require considerable time and effort, which makes
these types of studies even more expensive [21, 22].

12.4 Data Sources—Overcoming Silos

Although older people with comorbid conditions have been underrepresented in
clinical cancer trials [8, 9], it is virtually impossible to do all cancer trials again
given the heterogeneity of the population. Countless combinations of age cohorts
with different combinations of comorbidity types and stages of cancer are possible.
Therefore, the necessity arises to broaden the scope of research in comorbidity of
cancer beyond studies collecting mere primary data.

Other available data sources collected for different purposes come to play as
well. Information on diseases and other relevant measures can be collected using
different methods and different resources, each with their own strengths and
limitations.

1. Patient self-reported. Methods to collect data directly from the patients are
written or digital questionnaires, telephone or face-to-face interviews, using
either closed or open-ended questions. This method of data collection is gath-
ering information directly from the person under study, but the validity of
information has to be taken into account. For clearly defined and more serious
diseases, such as diabetes, myocardial infarction and also cancer, patient
self-reports have high levels of agreement compared to physician-registered
morbidity. However, for other diseases like rheumatoid arthritis, migraine, and
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chronic back problems, the agreement between patients and primary care
physicians is limited [24]. This general problem may arise from the distinct
representation of medical problems in patients and health professionals:
physicians’ representation is mostly (data) driven, by biomedical knowledge
underlying the disease (disease model), whereas patients’ representation is
frequently based on narrative structures, the social and moral meaning attached
to the dysfunction of the body which involves the disruption of the patient’s
normal life (illness model) [25, 26]. Patients with cancer might overestimate or
underestimate the presence of other diseases unconsciously, because of pre-
sumed associations between cancer and e.g. cardiovascular disease or certain life
styles. Also, mental illness might cause patients to be more prone to recall or
reporter bias than other somatic disease, due to cognitive or emotional dys-
function, experiences of taboo, shame or social desirability. Also, the accuracy
of recall may be an important source of bias, depending on the time frame and
subject and should be considered in the selection of data sources, the choice of
measurement and the interpretation of results.

2. Clinician reported, usually written/digital. Clinical reports are likely to be
accurate about treatments and issues related to the condition of interest, but
clinicians may not be aware of, or may under-report, other health issues [27].

3. Electronic medical records are valuable data sources and are often considered
‘gold standard’. A major advantage of medical records is that they are a good
representation of daily practice, assuming that physicians keep written or digital
track of their patient population. In case of longitudinal studies covering a large
time-window, retrospective information going back into the 20th century might
be less comprehensive, but increasingly electronic patient records are the norm
and minimal data sets are increasingly required, also for refunding purposes. An
important pitfall of medical records is that the quality of documentation may
vary and that the information included is often strongly related to the reason for
encounter. Further, the primary consideration of medical specialists is naturally
related to the subjects of their discipline, whereas documentation of information
on conditions that are out of scope might be lacking. In some countries, such as
the UK and the Netherlands, where the general practitioner acts as a gate keeper
in health care, the use of medical records from general practice might therefore
provide the most comprehensive medical information.

4. Research practice networks are increasingly common. In various Western
countries, like the Netherlands, Belgium and the UK, where the vast majority of
individuals are registered with a single general practice, registration networks
continuously collect data about routine consultations such as the General
Practice Research Database in UK. Data are extracted directly from the clinical
record utilizing a combination of clinical codes and free text comments. Their
strengths include large population sizes, longitudinal follow up, and cost
avoiding the need to contact patients directly [28–31]. In some registration
networks, hybrid data from medical records and annual questionnaires for
research purposes are collected such as the Study into Medical Information and
Lifestyle (SMILE) in Eindhoven attached to the Maastricht University [32].
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5. Cancer registries or extensive cohorts of patients diagnosed with cancer are
available and often contain sufficient medical information to analyze the influ-
ence of comorbidity on cancer related outcomes [33, 34] and can be linked to
hospitalization data [35] but facilities may vary widely between countries. Some
cohorts specifically focus on other domains, such as sociodemographic and
psychosocial evolutions [36]. Taking into account privacy legislation, possi-
bilities to link databases are increasingly common [37] sometimes even
encompassing several databases [38].

6. Administrative databases, such as claims data from health care insurers usu-
ally cover large numbers of patients and contain very structured information.
These databases are convenient for surveillance of survival and mortality [39],
morbidity [40], recurrence rates [41], and treatment effects [42]. The main
limitation of this type of databases is the lack of clinical, lifestyle and demo-
graphic data [42]. Also, it is recognized that routinely collected databases may
underestimate the prevalence and incidence of comorbidity, because databases
were not originally designed for research purposes and may suffer from
incomplete coding, especially in the earlier years [37]. Additionally, information
collected for reimbursement purposes may be distorted—in particular, where
financial incentives may have unintended consequences such as fraudulence
coding [43].

Given the enormous resources and costs which are spent to collect primary data
and given the pitfalls in data documented for other than research purposes, activities
to provide and share data sets of completed studies for secondary analyses should
be a core research consideration in patients with cancer and chronic comorbidity
[44]. Patients with comorbidity are frequently (but not always) excluded in cancer
trials and under-reporting of comorbidity may pretend a distorted picture that no
evidence is available for this patient group. However, individual patient data
meta-analyses in large data sets may identify subgroups of sufficient sample size to
answer questions of comparative effectiveness and harms in patients with cancer
and high prevalent comorbidity, such as cardiovascular disease. Similarly, data
exchange between cancer registries or administrative data bases may support
research in patients with cancer and comorbidity of low prevalence in future but
safety concerns of patients and stakeholders as well as technical challenges of the
connection of data bases differing in structure have to be overcome [45–47].

12.5 Measures of Comorbidity—From Simple Count
to Cancer Specific Index

There are many comorbidity measures available, developed for different purposes,
each with their own flaws and benefits. Some list diseases separately, with or
without weighing of the diseases, some present aggregate measures, and in the case
of comorbidity of cancer many studies describe specific combinations (i.e. cancer
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plus specific chronic condition). Conditions taken into account in an index may be
psychological or somatic, complaints or diagnoses, chronic or acute, including or
excluding social aspects and functional status. Finally, there are proxy based
indices, e.g. counting the number of chronic medications [48] or scoring of selected
patterns of prescriptions such as the Chronic Disease Score (CDS) [49].

In many observational studies comorbidity can act as a serious confounder.
When a large number of comorbid diseases may be relevant to take into account,
controlling for individual comorbid diseases may not be practical for method-
ological reasons, including loss of power. Furthermore, it may be more appropriate
to control for the overall burden of comorbidity, rather than the individual effect of
each comorbid disease. In their systematic review Yurkovich et al. [42] showed that
for specific applications (e.g. with cancer patients) often new indices were devel-
oped or existing indices were adapted for the use in specific patient groups.

Many different comorbidity indices have been validated for various outcomes,
most often mortality or hospitalization, but only few have been tested in a popu-
lation of (older) cancer patients. Lee et al. [34] evaluated the impact on management
and prediction of outcomes in patients with oral squamous cell carcinoma (OSCC)
using ECIS and CCIS. Mayr et al. [50] evaluated five comorbidity indices assessed
preoperatively in patients with bladder cancer, scheduled to have a radical cys-
tectomy. All five appeared to be predictive for cancer-independent mortality, but
none of them predicted cancer specific mortality, when adjusting for other relevant
characteristics (age, sex and cancer severity indicators).

Fröhner and Wirth [51] described the impact of comorbidity in patients with
early prostate cancer and suggested a classification of relevant comorbidity for this
patient group; comorbid diseases have prognostic and clinical relevance, i.e. be
associated with an increased mortality risk. Furthermore, in order to be clinically
relevant, these diseases should have a considerable impact on survival time and
should occur rather frequently. Also Briganti et al. [52] studied the survival of
patients with prostate cancer, taking into account type and severity of comorbidity.

Furthermore, definitions of comorbidity should both inform and reflect clinical
practice. This objective may be difficult to achieve when epidemiology oriented
definitions are less inclusive and aim at a limited set of clear-cut criteria. For
‘diseases’ with varying latency or a chronic course, developing a definition depends
on decisions regarding the phase to monitor—asymptomatic, early disease, late
disease—and the circumscription of the spectrum of morbidity [15]. Each of these
definitions as Rothman et al. argue, would measure different segments of the
population, each would have strengths and limitations, and each would require a
unique approach, data source and monitoring system.

Moreover, it is important to distinguish comorbidity from complications of
cancer. When complications are not considered separately, the total comorbidity
burden will be overestimated [53]. This distinction is, however, not always evident:
cancer and its treatments are well-recognized risk factors for venous thromboem-
bolism (VTE), but not all VTEs in cancer patients are due to cancer treatment [54].
This underlines the relevance to distinguish between general susceptibility and
disease related susceptibility/complications when analyzing comorbidity [55].

352 M. van den Akker et al.



There are a number of studies to describe the co-occurrence of diseases known
to share risk factors. Gottlieb et al. describe the prevalence of pulmonary
comorbidity among patients with lung and head and neck cancer [56]. Knowing
comorbidity that is pathophysiologically related to the index disease (such as COPD
and lung cancer) and optimizing the treatment of comorbid diseases could influence
interventions tested.

Below, some examples of indices and other measurements of comorbidity are
specified and commented:

The Charlson comorbidity index (CCI) [57] is probably the most commonly
used and cited comorbidity index. The National Cancer Institute comorbidity index
was developed as an adaptation of the CCI [58]. However, the validation of the CCI
was based on a relatively small cohort of general medical patients and was executed
nearly 30 years ago. The CCI includes conditions that may not have an impact on
survival among patients with cancer nowadays, because of substantial improve-
ments in management (e.g. peptic ulcer disease), and it does not incorporate some
that evidently have such impact (e.g. noncerebrovascular neurological conditions)
[40]. Another limitation of the CCI is that it does not take into account some
disorders that might affect prognosis or evolution of quality of life in cancer
patients, like Parkinsonism, blood transfusions, transplantations, thromboses, lung
embolisms, and angina pectoris [59]. Furthermore, Streiner and Norman [60] state
that for a valid comorbidity index inclusion of as many relevant items (diseases) as
possible, is more important than the weighting of individual conditions.

Also, cancer specific indices have been developed. The C3 Index [40] was
developed as a cancer specific index using data from over 14,000 cancer patients,
aiming to include all conditions that were likely to have an impact on functional
status or length of life among cancer patients. They include conditions from other
indices and conditions that were mentioned as relevant by clinical experts. The C3
index assesses the presence of 42 chronic conditions in five years previous to the
diagnosis of cancer. Conditions are weighted to their impact on non-cancer mor-
tality among cancer patients and then summed to arrive at an aggregated score. The
C3 Index outperformed the CCI for the combined cancer types. The C3 Index was
also used to evaluate of the impact of comorbidity on the stage of cancer at
diagnosis [35]. Results indicated that (1) the presence of comorbidity increased the
odds of a patient being diagnosed with distant metastases, (2) did not lead to earlier
diagnosis, and (3) increased the likelihood of a patient receiving no staging of
disease at diagnosis. The latter finding might be related to the fact that in case of
severe comorbidity and hence poor prognosis, the clinician might decide not to
extend diagnostics.

Guo et al. [61] assessed the prognostic value of the Adult Comorbidity
Evaluation-27 (ACE-27), which was also developed for patients with cancer, on
the course and prognosis of nasopharyngeal carcinoma. They found increasing
levels of accurateness in patients with higher stages of cancer.

Apart from prognostic indices which predict hospitalization or death, other
indices have been developed which differ in the selection of included diseases. For
example, prognostic indices usually include asymptomatic but prognosis limiting
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diseases, such as hypertension but frequently exclude diseases without a short-term
impact on mortality, such as osteoarthritis or mental illnesses other than dementia
[57]. On the other hand, osteoarthritis may have a severe impact on physical
functioning and mental illnesses on emotional or social well-being and all together
may significantly reduce quality of life. Therefore, indices to predict other outcomes
than mortality or health services utilization are needed. Recently, the health-related
quality of life comorbidity index (HRQL-CI) has been developed and validated by
Mukherjee et al. [62], using diseases that have the strongest association with
health-related quality of life. Furthermore, Lorem et al. developed a comorbidity
index named the health impact index, using self-rated health (SRH) as an outcome
[63].

Bender et al. [64] evaluated the presence of symptom clusters in patients who
have cancer as a comorbid disease to other chronic conditions. Their Comorbidity
Questionnaire is a self-reported measure based on the CCI and modeled to assess
conditions and symptoms.

The diversity of available measures reflects the fact that there is no single
measure which satisfies all needs. Depending on the available data sources and the
purpose for which the measure is intended, in research, comorbidity measure should
be careful selected. Moreover, indices are often context-dependent from the char-
acteristics of the population where they were derived from and underlie a change
over time due to improved survival in conditions, changed (drug) treatments, and
the overall demographic change. Therefore, indices such as the CDS have been
adapted to certain populations and over time [65, 66] and others, such as the CCI
may be outperformed by newer indices. However, it is increasingly popular to
develop prognostic models and caution is needed about their methodological
appropriateness in development and validation [67, 68].

12.6 Outcomes—Disease Related and Patient Related

The choice of appropriate outcome measures depends on a variety of factors, pri-
marily on the main research question, feasibility, and methodological issues, such
as study design and setting. Outcome measures shall be sensitive to changes, e.g. to
detect pre- and post-intervention differences. These general requirements meet a
number of challenges in patients with comorbidity such as confounding. Moreover,
certain comorbidity may preclude the application of outcome measures such as the
application of a questionnaire on cancer specific quality of life in patients with
cognitive dysfunction. Apart from methodological issues, the key question is about
the relevance of the outcome for patients. In patients with co- and multimorbidity,
health outcomes shift from disease-specific to generic and patient’s values often
swing from life expectancy to quality of life. Desired outcomes, such as symptom
relief, preservation of physical, mental, and social functioning, or disease preven-
tion are often of equal importance as the avoidance of undesired outcomes such as
nausea, drowsiness, dizziness, lethargy, or confusion [69–71]. Considering this,
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research should provide effect estimates on efficacy/effectiveness with respect to a
full range of holistic, cross-disease outcomes and should also provide sufficient
information on potential harms. This evidence would support weighing of potential
benefits and harms in decision making with patients with cancer and co-occurring
conditions.

Studies that focus on comorbidity as the outcome have often investigated the
association between cancer and susceptibility to subsequent comorbidity. In this
respect, cancer has been suggested as an indicator of aging, showing through an
increased susceptibility to comorbidity, also for young cancer survivors [72].
Studies that focus on comorbidity as a confounding factor generally focused on the
effect of comorbidity on treatment decisions (e.g. treatment choices and adherence
to clinical guidelines) and cancer-related outcomes (e.g. treatment tolerance, 5-year
survival) [73].

Survival/mortality. When analyzing mortality after a certain treatment,
comorbidity is an essential patient characteristic which has to be taken into account
[37]. Moreover, attention should be paid to different time windows and specific
comorbid conditions. Tovikkai et al. [37] showed changes in prevalence of
comorbid conditions dependent on the study era, but also showed different effects in
different time windows after liver transplantation, where chronic renal disease
tended to be related to a short term (first 90 days) increase of mortality, whereas
dementia seemed to be associated with an increased mortality after 5 years.

When different patient populations or clinical settings are considered the survival
probabilities may differ significantly between patients with apparently identical
levels of comorbidities [51].

Delay of the diagnosis of cancer/stage of cancer at diagnosis. Comorbidity
has an impact on cancer stage at diagnosis, but until now findings regarding this
subject are ambiguous, and there are explanations for both positive and negative
relations. People with comorbidity in general have an increased number of contacts
to health services, which may result in a so-called surveillance effect, leading to
earlier diagnosis. On the other hand, comorbidity may also distract both the
physician and the patient from early signs and symptoms of cancer, resulting in a
diagnostic delay [35]. In case of severe comorbidity that causes a serious limitation
of life expectancy, diagnostics do not always appear warranted. Finally, specific
conditions or their treatments can have a direct influence on cancer growth [74].
When further analyzing this, also other characteristics have to be taken into
account, because patients with more comorbid diseases are in general also older,
more often female, and tend to have lower socio-economic status. Also, when
relating summary measures of comorbidity to staging colorectal cancer at diagnosis,
results are conflicting [75].

Treatment decisions/prognosis/recurrence of cancer. Comorbidity can have
an important impact on the treatment decision making process for patients with
cancer [76], e.g. in the administration of radiotherapy and chemotherapy [77]. Even
though this is relevant and frequently applied in clinical practice, it is not common
practice in oncology research.
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Patient related outcome measures (PROMs). Of the PROMs, the most com-
monly applied are quality of life, functional status, and disease burden/treatment
burden [78]. Quality of life measurement tools can be divided into generic tools and
disease specific instruments. Generic quality of life tools can be used for all patient
groups, irrespective the absence of presence of e.g. cancer. An important advantage
of generic instruments is the generalizability of the results, allowing the comparison
of quality of life in patients with different diseases, or diseases in different stages.
Generic quality of life instruments usually cover multiple domains, possibly
including less relevant domains when applied to patients with cancer. At the same
time those general instruments are potentially lacking details on other relevant
domains, such as side effects of e.g. chemotherapy. A subgroup of the generic
quality of life instruments are the utility generating tools, to assess
cost-effectiveness from a societal perspective, expressed quality adjusted life years
(QALYs) [79]. Disease-specific quality of life measures contain domains relevant to
that disease. In oncology the most commonly applied disease-specific quality of life
tools are the EORTC QLQ-C30 [80] and the FACT-scale [81]. However, these
instruments have been mainly designed for patients with advanced disease stages
and may have limitations when applied to patients with localized disease [82]. For
use in patients with localized prostate cancer, Schmidt and co-workers identified
eight instruments, but only three out of eight instruments showed a good perfor-
mance regarding development process, metric properties, and administrative issues
[82]. To assist the selection of instruments, Valderas et al. developed a tool for the
standardized assessment of patient-reported outcomes (EMPRO) [83].

12.7 Statistical Analyses of Longitudinal Data

Statistical analysis of cancer research data encompasses an extensive spectrum of
methods and software tools for analysis and reporting. These methods and analyses
also apply to oncological studies encompassing comorbidity:

• Measures of cancer burden (incidence, prevalence, mortality, and survival);
• Therapeutic endpoints in the various phases of oncology clinical trials, from

phase I, phase II, up to phase III trials;
• Validation of biomarkers in diagnosis and prognosis of cancer;
• Overall and net survival, relative survival ratio, excess mortality hazard;
• Survival of cancer with the relative survival design, including cohort, complete,

period, and hybrid approaches;
• Methods of handling missing data and data quality; and
• Estimation of avoidable deaths and personal or population “cure”.

Examples of resources on cancer statistics include the National Cancer Institute’s
(NCI) overview of SEER tools (SEER stands for Surveillance, Epidemiology, and
End Results Program) [84] the International Agency for Research on Cancer
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(IARC) [85] and handbooks of statistics in oncology, such as Crowley and Hoering
[85]. These resources provide overview of and insight in the tools and methods to
analyze incidence, mortality, survival, prevalence, and other related cancer statis-
tics. If no follow-up data are available, linear and logistic regression analysis of
outcomes are standard techniques for describing the relationship between an
exposure variable and an outcome variable. Comorbidity can be used both as input
and output to such modelling, for which the reader is referred to the literature.

The emphasis here is on cancer and comorbidity from a longitudinal perspec-
tive. On the one hand, attention is paid to studies with the availability of short-term
and long-term follow-up information on cancer patients. On the other hand, when
cancer and comorbidities are considered from a chronic disease perspective, whence
there is a need to monitor the late effects of the disease and the treatment as well as
the potentially negative neurocognitive, somatic and psychosocial outcomes of
cancer survivors [86]. It is, perhaps, overstated to claim that statistics in oncology
research is more complex and time consuming compared to other therapeutic areas.
However, it is true that the analysis of longitudinal data, and especially survival
data (time to event), is inherently difficult. Nonetheless, taking cancer and
comorbidity into account significantly complicates statistical analyses through:

– Skewed and non-normal distributed data;
– Dependence between longitudinal clinical data and cancer outcomes;
– Competing causes of death;
– Different illness trajectories.

Skewed and non-normal distributed data: survival analysis is in many ways
like conventional statistical analyses: information is gathered on the outcome or
response variable on the one hand and covariates of interest on the other hand. It
differs, however, in a very intricate aspect: the event of interest may not occur for
each subject under study. Not all subjects will experience the outcome during the
course of observation, resulting in the absence of a time-to-event for that particular
individual. This situation is referred to as censoring in the analysis of survival data,
and a study subject for whom no time-to-event is available is called censored.
A typical situation is one in which a survival study has to end due to, for example,
time constraints or resource limitations. In this case, for subjects whose survival
events have not occurred at the end of the study, their survival times are not
observed exactly but are known to be greater than the end of the study end time i.e.,
they are right-censored. For subjects who have already had the event at the end of
the study, the time-to-event is known exactly. In essence, censoring implicates that
an observation on a survival time of interest is incomplete; the survival time is
observed only to fall into a certain range instead of being known exactly. Censored
data are different from missing data as censored observations still provide partial
information, whereas missing observations provide no information about the vari-
able of interest. Different types of censoring arise in practice, but the one that
receives most of the attention in the literature is right censoring [87].
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Censored data analysis requires special methods to compensate for the infor-
mation lost by not knowing the time of failure of all subjects. In addition, survival
data analysis must account for skewed data [88]. Some individuals will experience
the event of interest much sooner or later than the majority of individuals under
study, giving the overall distribution of failure times a skewed appearance and
preventing the use of the normal distribution in the analysis. Mostly, logarithmic
transformations are used to stabilize the variance and allow for non-symmetric
confidence intervals. Thus, the analysis of survival data requires techniques that are
able to incorporate the possibility of skewed and censored observations. The reader
is referred to the many excellent books and reviews of the major approaches in
survival analysis: the parametric approach (e.g. exponential model, the Weibull
model, the log-normal and logistic models), the non-parametric approach (e.g. the
log-rank test), and the semi-parametric approach, e.g. the Cox proportional hazard
model, perhaps the most widely used model in in clinical survival analysis [88, 89].

Dependence between longitudinal clinical data and cancer outcomes:
Complicating it even more, standard statistical tools for the analysis of censored
observations assume random censoring: event time and censoring time should be
independent. However, in reality this might not be the case. A negative association
between censoring and event time could occur when patients who are entering the
study later have a better prognosis due to increased experience of surgeons.
A positive association between censoring and event time occurs when patients are
leaving the study because their health status is getting worse.

When event time and censoring time are not independent, the proportional
hazards assumption of the commonly used Cox proportional hazard model does not
hold. Several approaches exist to overcome this problem by extending the Cox
proportional hazard model. One possible approach is to stratify a patient group,
according to the values of some variable, mostly a variable which is considered a
confounder rather than the main exposure of interest, e.g. comorbidity. The effect of
the confounder is not estimated, but its effects are controlled for. An example is a
study evaluating the therapeutic effects of intraperitoneal chemotherapy in which
comorbidity is used as confounder variable [90]. A second approach is to include an
exposure-time interaction term; that is to model the dynamic behavior of
time-dependent variables. The third approach is to split the follow-up time into
different periods. The latter puts emphasis on an important aspect of survival
analysis: the choice of the time axis, because risks sets of patients will correspond to
the choices made. The fourth approach is to model the complex changes over time
itself, for example, by choosing one of the many available parametric models. Such
models may be of particular use when the aim is to predict survival probabilities in
different groups. If multiple pathologies are considered, which may have a distinct
time scale, then such an approach might be conceivable. This is a technical and
complex issue, for which the reader is referred to the specialized literature [91]. Van
Houwelingen and Putter [92] show that within a short-term scope of the study the
violations of the survival models are limited and small, whereas the effects will
show up in large studies with long follow up.
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This becomes more intricate, when addressing issues of variability in treatment
response and chances of complete remission in patients with cancer, particularly
when addressing heterogeneous patient populations, such as patients with
comorbidity.

Competing causes of death: The literature on these combined or joint models is
extensive and good examples are described by Fieuws et al. [93] and Brant et al.
[94]. Studies including comorbidity or multimorbidity in such models are scarce.
A notable exception is a study by Bayliss et al. [33] who analyzed a cohort of 6500
adults with initial cancer diagnosis between 2001 and 2008, SEER 5-year survival
probability equal to or greater than 26 %, and a range of cardiovascular comor-
bidities. They modeled the competing risks by comparing different, cause-specific
Cox proportional hazard models. Following cancer diagnosis, it was shown that
15.3 % of causes of death were attributed to cancer deaths, 5.1 % to serious car-
diovascular deaths and 8.3 % of death from other causes. Thus, it was shown that in
oncology populations, comorbidities interact to affect the competing risks of dif-
ferent outcomes. Another example is the nationwide, cohort study by Erichsen et al.
[95], with 56,963 colorectal cancer (CRC) patients and five times as many patients
from the general population (N = 271,670) matched by age, gender, and specific
comorbidities. Among CRC patients with low comorbidity scores the 0-1 year
mortality rate was 415 out of 1000-person-years (95 % CI: 401;430) and the
interaction estimating the excess mortality rate in patients with both CRC and
comorbidity accounts for 9.3 % of this rate. For patients with a severe comorbidity
score the interaction consists of 34 % of the mortality. The interaction between
CRC and comorbidity limited influence on mortality beyond 1 year after diagnosis,
except again for the interaction between colorectal cancer and a high comorbidity
burden accounting for 14 % of mortality 2-5 year after diagnosis. In sum, the
authors showed that comorbidity interacts with colorectal cancer to increase the rate
of mortality beyond that explained by the independent effects of CRC and comorbid
conditions.

This shows that when taking comorbidity into account one often faces the
problem of competing causes of death; the patient group under study may be more
likely to die from complications due to the comorbid condition rather than due to
the cancer [96–98]. Binbing et al. described a method to estimate the personal cure
rate of cancer patients using population-based grouped cancer survival data [99].
Cancer patients are subject to multiple competing risks of death and may die from
causes other than the cancer diagnosed. The probability of not dying from the
cancer diagnosed, which is one of the patients’ main concerns, is sometimes called
the “personal cure” rate. Binbing et al. [99] used two approaches of modelling
competing-risk survival data, namely cause-specific hazards approach, and the
mixture model approach. The authors used the colorectal survival data from the
SEER Programme of the NCI (N = 199,715 colorectal cancer patients diagnosed
between 1975 and 2002), with a maximum follow-up time of 28 years. They
applied the models in particular, because comorbidity for cancer patients may limit
treatments and increases the risk of death from other causes. Usually comorbidity
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from competing causes increases with advancing age and is greater for patients in
poor health.

The above shows that statistical analysis of cancer survival data is a delicate
issue by itself. The study of the intricate relationships between cancer—occurrence
as well as recurrence—and comorbidity, complicates statistical analysis in various
ways. The integration of comorbidity in the statistical analysis in cancer research
emphasizes the need for:

– The multi-adjustment of cancer survival not only for age, stage, and other
cancer-related factors, but also for the co-occurring diseases

– Multi-variable modelling of the excess hazard of death (due to comorbidity)
– The comparison with different statistical tools, e.g. with Cox and Poisson

approaches. The analysis of heterogeneity, variability and chance of health risks
in various subgroups (stratified according to age, sex, and comorbidity). Some
subjects might be more prone or more likely to experience an event. Normally,
in most clinical applications, survival analysis implicitly assumes a homoge-
neous population to be studied. This means that all individuals sampled in that
study are subject, in principle, to the same risk (e.g., risk of death and risk of
disease recurrence). In many applications, the study population cannot be
assumed to be homogeneous but must be considered as a heterogeneous sample,
i.e., a mixture of individuals with different hazards. For example, in many cases,
it is impossible to measure all relevant covariates related to the disease of
interest [98, 100, 101] and special approaches are required to include hetero-
geneity in the analysis, e.g. different forms of frailty models [100, 102].

Taking into account the illness trajectory: In longitudinal study approaches
data on patient characteristics, clinical data, and survival data are frequently col-
lected simultaneously. For example, in many medical studies, clinical researchers
collect patients’ information (e.g. blood pressures, X-ray measures) repeatedly over
time and they are also interested in the time to recovery, recurrence of a disease (i.e.
cancer) or death.

As such, longitudinal approaches are becoming increasingly important.
Longitudinal approaches can be subdivided in:

1. Adaptive designs
2. Reciprocal designs: randomized clinical trial methodologies, e.g. potential

clinical outcome model, causal modelling, propensity stratification integrated
within observational studies; observational methodologies integrated within
oncology trials [103]

3. Trajectories: population-based and personalized trajectories.

Longitudinal clinical data and survival data are often associated in several ways,
with the time to event (death) being associated with the longitudinal trajectories of
clinical characteristics. Separate analyses of longitudinal clinical data and survival
data may lead to inefficient and biased results as they do not take the underlying
relationship between one another into account. In these settings, the multivariate
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longitudinal profiles and the event information need to be combined. Several
methods have been proposed to combine longitudinal clinical data with event
history data (e.g. survival, recurrence) [104, 105]. Most statistical methods, such as
linear regression models, logistic regression models and survival models, are based
on the assumption that the observations in a sample are independent of each other
and that is the value of one observation is not influenced by the value of another.
This assumption of independence will be violated if the data are clustered.
Clustering or correlation is at hand, if observations in one cluster tend to be more
similar to each other than in the rest of the sample. Clustered data usually arise
when subjects are grouped, e.g. in cluster randomized trials of general practices or
hospitals, family studies or cluster sampled surveys. Also when subjects are
repeatedly measured as in longitudinal studies there are often clustered data (within
subjects, e.g. the repeated measurement of blood pressure). In analyzing clustered
data, connectedness of data has to be taken into account by aggregating data, or
applying advanced statistical methods such as Generalized Estimating Equations or
random effect models [106]. More information on these advanced statistical
methods can, for example, be found in Hox [107] or Hox and Roberts [108].

Patients with comorbidity may face different illness trajectories, an important
aspect of disease that is often neglected in current research. While a great deal of
literature concerns the prediction of risk and the prognosis of co-occurring diseases
in patients with multimorbidity, relatively little research is concerned with the
course or “trajectory” of the illness of patients with multimorbidity [109]. Most
multimorbidity studies focus on the identification of specific disease combinations
in patient populations, based on one index disease and additional diseases, either in
general or specific population-based studies or in administrative databases. In recent
years a few studies investigated multimorbidity patterns, using data mining
techniques, e.g. factor analysis methods, to investigate clusters of diseases.
However, these studies are cross-sectional and investigate prevalence patterns in
specific age groups, and restrict comorbidities to lists of common chronic condi-
tions [110, 111].

Few studies have analyzed such multimorbidity patterns integrated with cancer
as one of the health conditions. Islam et al. [112], reported three important multi-
morbidity patterns, one of which included cancer, coronary heart disease and stroke.
Vos et al. [109] showed that 49 % of patients with more than ten chronic health
conditions had at least one diagnosis of cancer during the course of their life. Jensen
et al. [113], investigated a population-wide registry data, covering 6.2 million
cancer patients of Denmark, and showed distinct disease development patterns for
different types of cancer. For example, they showed a clustering of malignant
neoplasms of the prostate and secondary malignant neoplasms of other sites.
However, research on disease trajectories is rather limited and more research into
the patterns and relating characteristics for different types of cancer as well different
age and gender groups is needed.

With the growing population of patients with cancer together with other chronic
health conditions [114], integrative analysis of cancer and multimorbidity is
urgent. Two major challenges are open. One is to connect multimorbidity research
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with the rapid developments in integrative cancer data analysis; cancer informatics;
and high-dimensional data analysis [115]. The other challenge is to elaborate and
implement a longitudinal approach, from a clinical and a family practice perspec-
tive. Studies of multimorbidity patterns over long time periods are scarce
[109, 116].

The concept of distinct trajectories of illness over time is well established in
other advanced diseases [117, 118]. Longitudinal analysis of multimorbidity,
however, is complex. Varying definitions of multimorbidity exist and different
scopes of time windows are abound. If a research time-frame is short, a point in
time (time independent, cross-sectional) comorbidity measure is sufficient. Many
studies are longitudinal, raising questions how best to measure comorbidity over
time [39]. Different approaches are available to model and analyze the multiple
events and multiple pathways in these trajectories [87, 105].

The new developments include time-dependent covariates, recurrent events,
quantile regression in identifying important prognostic factors for patient subpop-
ulations and joint modelling such as quality of life and time to event data. Similarly,
there is an explosion in new areas of statistics, such as space and time modelling,
which might help to track an individual’s lifetime exposure while taking into
account other clinically relevant histories, or track an individual’s access to cancer
screening or treatment services. There is a rather large literature on Bayesian
methods for survival data [89, 119]. It is not possible to do justice here to Bayesian
methods and the many computational advances of recent years.

12.8 Recommendations for Future Research

• Hospitals and research institutes should actively seek collaboration to join
expertise and facilitate large epidemiological studies that include patients with
different comorbid diseases, or disease patterns. This can also facilitate more
efficient recruitment of patients.

• Evidence on comparative effectiveness and safety of treatment in patients with
cancer and comorbidity is needed and serious efforts should be made to share
data of completed trials to conduct individual patient data meta-analyses and
investigate subpopulations of sufficient sample size.

• More input from patients in research is required, e.g. involvement in writing
patient information or in developing strategies to recruit patients.

• Research should further elicit the construction of patient’s preferences and the
process of prioritization of conditions and treatments in patients with cancer and
multiple disorders.

• Comorbidity should always be taken into account, because of the proven impact
on diagnostics, therapeutic decisions, psychosocial needs, and other needs
during follow-up care. Furthermore, comorbidity as well as cancer are related to
aging, and both are increasingly considered chronic health status, underlining
the importance of studying the two as combined concepts.
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• When studying cancer and comorbidity, it is relevant to distinguish between
complications of cancer regimen (long-term and late effects of treatments) and
comorbidity.

12.9 Conclusions

Comorbidity is frequent in clinical practice amongst patients with cancer, but in
scientific research too often comorbidity is ignored or methods are applied that
insufficiently take into account comorbidity. It is, however, of vital importance to
recognize the impact of comorbidity on a broad spectrum of outcomes when
studying patients with cancer and comorbidity. Though complex to handle,
ignoring or avoiding comorbidity in research is not an option.

The population of patients with cancer and comorbid conditions is a heteroge-
neous group. If it is decided to focus on a more homogeneous subgroup, results are
more specific, but lack external validity and generalizability to the heterogeneous
group of cancer patients.

Recruitment of (older) patients with cancer and comorbidity is a major chal-
lenge. Strategies to improve recruitment come at considerable costs because they
require a substantial increase in time and efforts.

There is no single comorbidity measure available that satisfies all needs.
A measure should be selected taking into account the research question, the
available data sources, and the context of the study (e.g. community setting, nursing
home, hospital).

Statistical analyses of studies encompassing oncological patients with comor-
bidity should reckon with complexity due to skewedness and non-normality of data,
dependence between longitudinal clinical data and cancer related outcomes, com-
peting causes of death and individual illness trajectories.
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