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Monitoring survival of cancer patients using data
collected by population-based cancer registries is
an important component of cancer control. In this
setting, patient survival is often summarized using
net survival, that is survival from cancer if there
were no other possible causes of death. Although
net survival is the gold standard for comparing
survival between groups or over time, it is less
relevant for understanding the anticipated real-
world prognosis of patients. In this review, we
explain statistical concepts targeted towards
patients, clinicians and healthcare professionals
that summarize cancer patient survival under the
assumption that other causes of death exist.
Specifically, we explain the appropriate use, inter-
pretation and assumptions behind statistical

methods for competing risks, loss in life expec-
tancy due to cancer and conditional survival. These
concepts are relevant when producing statistics for
risk communication between physicians and
patients, planning for use of healthcare resources,
or other applications when consideration of both
cancer outcomes and the competing risks of death
is required. To reinforce the concepts, we use
Swedish population-based data of patients diag-
nosed with cancer of the breast, prostate, colon
and chronic myeloid leukaemia. We conclude that
when choosing between summary measures of
survival it is critical to characterize the purpose of
the study and to determine the nature of the
hypothesis under investigation. The choice of ter-
minology and style of reporting should be carefully
adapted to the target audience and may range from
summaries for specialist readers of scientific pub-
lications to interactive online tools aimed towards
lay persons.

Keywords: cancer, epidemiology, biostatistics, death
risk.

Introduction

On the surface, estimates of cancer patient sur-
vival, the proportion of patients who survive a given
period of time subsequent to diagnosis, are easy to
calculate and communicate. There is, however,
considerable nuance in how such measures can be
interpreted and in what context they are of rele-
vance. Net survival, the perhaps most common
measure used to report survival associated with
cancer, is, for example, interpreted in the hypo-
thetical situation where the cancer under investi-
gation is the only possible disease that can kill the
patients [1-3]. In this review, we will explain why
this is a practical measure in many situations, but
also describe other measures of patient survival
that have a valid interpretation in the real world.

The latter include estimates of survival in the
presence of competing risks and loss in life
expectancy, measures that illustrate cancer
patient survival in a clinically meaningful manner.
These have become increasingly popular amongst
medical researchers but confusion sometimes
remains with respect to assumptions underlying
the statistics and their correct interpretation. To
reinforce the theoretical aspects related to each
concept, we will demonstrate their appropriate use
through examples from national register-based
cancer data from Sweden.

The role of cancer patient survival in cancer control

Our focus throughout this tutorial will be on
cancer patient survival estimated from data
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collected by population-based cancer registries.
Population-based cancer survival is a key measure
of the overall effectiveness of health systems in
management of cancer, and descriptive studies
that compare survival between countries and
regions, or between population groups defined by
socio-economic status, race or ethnicity, or health
insurance are being used to drive improvement in
health services [4, 5]. The International Cancer
Benchmarking Partnership [6, 7], CONCORD [8-
10] and the EuroCare [11] projects are examples of
ongoing international collaborations that report
net survival and that aim to provide an evidence
base for global cancer control and international
comparisons of the effectiveness of healthcare
systems that can serve as a basis for policy and
practice changes towards reducing the burden of
cancer.

The statistical measures used in cancer control
research typically focus on the net effect of cancer
on patient survival, meaning that they lack a real-
world interpretation as deaths unrelated to cancer
are assumed to not exist [2, 12]. Whilst this
assumption may seem odd at first glance, it is
precisely the quantity of most relevance when
comparing groups with different noncancer mor-
tality. Assume for example that our interest is in
comparing colon cancer survival across countries
with large demographic differences (e.g. age,
income-level and education). Because the demo-
graphic differences are known to be associated
with life expectancy, incorporating noncancer mor-
tality in the estimation would yield unfair compar-
isons of cancer survival. To isolate the effect of
cancer on the risk of dying in each country, deaths
due to other causes are considered a nuisance that
should be ‘eliminated’ in the estimation process
[13]. In practice, this elimination process is done
via censoring in the survival analysis [14-16].

What statistics are useful for healthcare professionals and patients?

Throughout the review, we will focus on statistical
measures that are useful for healthcare profes-
sionals and patients in the real-world setting. In
this context, we mean measures that contribute to
the understanding of the anticipated prognosis for
a cancer patient with certain clinical characteris-
tics and that provide results that can be used, for
example in risk communication between doctor
and patient, or in resource allocation and opera-
tional planning [17]. Cancer control research that
aims to identify or evaluate strategies to prevent

and detect cancer, or to improve quality of life
amongst affected patients, is without doubt also
useful and have great impact for healthcare pro-
fessionals and patients. However, with respect to
their potential value for risk communication in the
clinical setting, a distinction between survival
measures designed for the hypothetical (net sur-
vival) and the real world is necessary [18, 19].

First, we will present key measures for estimating
survival in the presence and absence of competing
risks, explain the assumptions that are required in
the estimation and how results are interpreted.
Next, we introduce loss in life expectancy which is
an appealing approach to quantifying the impact of
cancer on the remaining lifetime with clear merits
for communication with nonspecialists. We then
explain the concept of conditional survival and
discuss for whom these measures are relevant.
Throughout the review, we use population-based
data from the national cancer register in Sweden
for patients diagnosed with prostate cancer, colon
cancer, breast cancer and chronic myeloid leukae-
mia (CML), as illustrative examples and to reinforce
the theory.

Statistical methods used in cancer patient survival studies

The hypothetical world—net survival

Net survival is the probability of being alive at a
certain time following diagnosis in the hypothetical
scenario where the cancer of interest is the only
possible cause of death. Two common frameworks
for estimating net survival are cause-specific sur-
vival and relative survival. In the cause-specific
framework, each death must be classified as either
(a) death due to cancer, or (b) something other than
cancer. This classification is typically made based
on routinely recorded information in cause of death
registers or medical records. In the statistical
analysis, cancer deaths are denoted as events
and deaths due to any other causes are treated
as censored observations [15] and standard meth-
ods (e.g. Kaplan–Meier) can be applied to estimate
cause-specific survival.

Relative survival provides an alternative to cause-
specific survival that does not require cause of
death information. Whilst several estimation meth-
ods for net survival in a relative survival framework
have been suggested [12, 20, 21], a common way is
to calculate the ratio between the observed all-
cause survival amongst the cancer patients, and
the expected survival in a comparable group in the
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general population. If, for example, the one-year
relative survival ratio is 1.0, the survival proportion
in the group of cancer patients coincides with that
in the general population, suggesting that there is
no excess mortality associated with the cancer
during the first year of follow-up. A relative survival
ratio lower than 1.0 means that cancer patients
have inferior survival compared to the general
population, and we typically assume that the
survival deficit is due to excess mortality from the
cancer. As a consequence, the excess mortality
thus captures both the direct and indirect mortal-
ity associated with the cancer. The mortality that is
directly related to the cancer includes all causes of
death that would typically be classified as death
due to cancer on the death certificate. Indirect
mortality due to cancer encompasses death due to
treatment toxicity, suicides and late effects such as
cardiovascular disease, second malignancies or
infections. These are events that are unlikely to
be classified as cancer deaths on the death certifi-
cate and that would therefore not be captured in a
cause-specific analysis. As cause of death infor-
mation is not always readily available or reliable,
relative survival has become the preferred
approach for obtaining estimates of cancer patient
survival in population-based investigations, as well
as by cancer registries worldwide.

Key assumptions for cause-specific and relative survival

For comparison of the two methods, Fig. 1 shows
Kaplan–Meier estimates of cancer-specific survival,
as well as relative survival for patients diagnosed
with colon cancer (upper panel) and prostate
cancer (bottom panel) in Sweden in 2012. Survival
up to five years for two different age groups
(<70 years and 70+ years at diagnosis) has been
plotted for each cancer type and estimation
method. From the upper part of the figure, we see
that five years after a colon cancer diagnosis, men
who belong to the oldest age group have a net
survival of 66%. That is, if colon cancer was the
only thing that could kill the patients 66% of all
men in this age group would still be alive five years
after the diagnosis. Whilst the five-year Kaplan–
Meier and relative survival aim to estimate the
same underlying quantity, the estimates are nev-
ertheless not identical. There are for example slight
differences in the estimates for <70-year-old colon

cancer patients and substantial differences for the
70+ year-old men with prostate cancer (lower part
of the figure). The observed differences are related
to the statistical assumptions that each of the
methods requires. Whilst the Kaplan–Meier
method assumes accurate cause of death classifi-
cation, it is not always clear from routinely
recorded cause of death information if a death is
attributable to the cancer or not. In our colon
cancer example, the survival estimated by the
Kaplan–Meier method is slightly higher than the
relative survival for the youngest age group. A
possible explanation for the small discrepancy
could be the contribution of postoperative mortal-
ity or treatment toxicity, factors that are likely to
contribute to indirect mortality and thus to
reduced relative survival.

For prostate cancer, cause-specific survival is
instead lower than the relative survival. The differ-
ence is particularly pronounced for men who are
70+ years at diagnosis. One possible mechanism
explaining the difference could be that older men
with a diagnosis of prostate [22, 23] cancer are
likely to have prostate cancer recorded on their
death certificates even when prostate cancer was
not the leading cause of death [24]. Whilst this is
probably the main reason for the observed differ-
ence in this example, another possible explanation
is related to the so called exchangeability assump-
tion for relative survival. This assumption essen-
tially means that had the patients not been
diagnosed with cancer, they should be comparable
to the general population with respect to noncancer
mortality. Men with localized prostate cancer have
been shown to have lower mortality from non-
cancer causes than men of the same age in the
general population which might reflect a more
health conscious lifestyle [25]. Using the general
population for comparison of all-cause survival will
therefore likely underestimate the excess mortality
associated with prostate cancer, or conversely,
relative survival will be overestimated. Stratifying
the population life tables on additional factors (e.g.
education, social class) can reduce the magnitude
of the problem but will not eliminate it [22, 23].

A third assumption that is applicable to both
methods is that of independence between cancer
deaths and other causes of deaths. For this

Fig. 1 Comparison of cause-specific survival estimated using the Kaplan–Meier method and relative survival for men with
colon- and prostate cancer diagnosed in the year 2012.
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assumption to be satisfied there can be no shared
factors associated with the two types of deaths
other than those factors already adjusted for in the
analysis. For example, age is associated with
survival for many types of cancer. Age is also
associated with survival from causes unrelated to
cancer, such as cardiovascular disease, and
should therefore be adjusted for in the analysis in
applications where net survival is the measure of
interest. Examples of other factors that are typi-
cally discussed in the context of the independence
assumption and controlled for in the analysis are
sex, calendar period and socio-economic factors.

The real world—survival in the presence of competing risks

The assumption that patients are immune from
competing causes of death in cause-specific and
relative survival analysis is often not understood
and can yield misleading conclusions if the
approach to estimation is inappropriate for the
study context and hypothesis [26, 27]. For patients
and healthcare professionals who seek information
to understand or to communicate the prognosis
associated with a specific cancer, measures that
acknowledge the concomitant risk for competing
events are more informative than net survival [28-
30]. A competing event is any event that occurs
during follow-up and prevents or substantially
alters the outcome of primary interest to occur.
For example, if the primary outcome of the study is
death due to prostate cancer, and a patient dies in
a traffic accident, the death due to the accident is a
competing event. The difference between cancer-
specific survival estimated in the absence, versus
the presence, of competing events can be clearly
demonstrated for diseases that have an indolent
course and where deaths due to other causes are
common amongst the cancer survivors [17, 26].
Figure 2 shows the probability of death within the
first 10 years of diagnosis amongst men diagnosed
with prostate cancer at age 75 years in 2007. The
net probability of death (dashed line) is simply the
complement to the net survival probability (i.e. 1—
net survival). The shaded areas represent the
probabilities of death due to prostate cancer in
the presence of death due to other causes. Results
from competing risks analyses are often presented
in this manner so that the risk of death due to the
cancer can be assessed in relation to the competing
deaths as well as to the chance of still being alive
(white area). Thus, for a 75-year-old man with
prostate cancer, the 10-year risk of death from the
disease is 18% in a world where it is not possible to

die from any other cause than prostate cancer.
When recognizing that other causes of death are
also possible, the risk of death due to the disease is
instead 11%. The net probability of death hence
overestimates the real-world risk of dying from the
prostate cancer since the reality is that competing
causes of death will lead to the death of some men
before they ‘have the opportunity’ to die from their
disease. In this example, the 10-year risk of death
due to other causes than prostate cancer was 41%.

Survival in the presence of competing risks is by
no means a novel concept but there has been a
surge in interest in these methods from the
medical community over the past twenty years,
not least in cancer epidemiology. Competing risks
methodology has been developed for both the
cause-specific [14, 16] and relative survival set-
ting [31, 32]. The cause-specific approach has
similar data requirements as standard cause-
specific analyses. Each cause of death must be
classified as related or unrelated (competing) to
the cancer based on death certificate information.
In the relative survival framework, separating
deaths due to the disease from competing events
is done implicitly in the estimation process as the
deaths that are unrelated to the cancer are
cancelled out when contrasting the overall mor-
tality of the patients to the expected mortality in
the general population. All deaths that occur in
the general population, and that contribute to the
expected mortality rate, are assumed to be unre-
lated to prostate cancer and can therefore con-
tribute to estimation of the risk associated with
competing events.

In Fig. 3, probabilities of death from prostate
cancer and competing causes during 5 years of
follow-up for men diagnosed in Sweden in 2012 at
ages 55, 65 and 75 years are shown. As expected,
age at diagnosis is strongly associated with risk of
death due to other causes than prostate cancer.
The risk of death due to prostate cancer is,
however, not as strongly associated with age.
However, the latter observation should not be used
to draw conclusions about differences in disease
severity by age. It rather reflects that men with
prostate cancer who are older at diagnosis are
more likely to die from competing causes before
they ‘have a chance’ to die from their prostate
cancer compared to men who are younger.

In this example, 2% of the men who were 55 years
at diagnosis are predicted to have died from their
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cancer within the first 5 years after the diagnosis,
as compared to 8% of the 75-year-olds (green
curve). Amongst the 55-year-olds, the correspond-
ing proportion is 96% as deaths due to other
causes are less common. The reality for those
diagnosed at age 75 is nevertheless that 75% will
not have died from any cause within 5 years of
their cancer diagnosis.

Figure 4 shows corresponding probabilities of
death for women diagnosed with breast cancer,
colon cancer and CML. For all three cancers, the

proportion of patients that have died within 5 years
after diagnosis increases with increasing age, and
for younger ages, almost all deaths are due to the
cancer. However, age differences in the proportion
that have died due to cancer differ between the
cancers. For breast cancer, the proportion that
have died due to any cause at 5 years is 7% for
patients aged 55 at diagnosis, 9% for patients aged
65 and 22% for patients aged 75 at diagnosis. The
proportion that have died due to breast cancer is
5%, 5% and 10% for patients aged 55, 65 and 75 at
diagnosis, respectively. These figures reflect the

Dead from PC within 10 years (net): 18%

Dead from PC within 10 years (real world): 11%
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due to prostate cancer and
deaths due to other causes in
75-year-old men diagnosed in
2007 in the presence and
absence of competing risks,
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successive improvement of long-term outcomes in
breast cancer in recent decades, due to advances in
detection and treatment [33]. Nevertheless, due to
the high breast cancer incidence, death due to
breast cancer remains the second most common
cause of death due to malignancy amongst women
in high income countries [34].

For colon cancer patients, the majority of deaths
within 5 years are due to cancer for all three
selected ages, the proportion that have died due
to any cause is 32%, 34% and 40%, and due to
cancer is 31% for all three ages at diagnosis
reflecting both a worse prognosis than the other
two cancer forms and the fact that cancer recur-
rence occurs mainly within the first years follow-
ing diagnosis [35]. Most deaths due to colon
cancer happen in the first years after diagnosis,
after which the proportion that die due to colon
cancer levels off. The proportion of CML patients

who died 5 years after diagnosis is 7%, 14% and
28% for patients aged 55, 65 and 75 at diagno-
sis, respectively. The proportion who died due to
CML is 5%, 10% and 17% for the same ages.
Unlike for colon cancer, this proportion continues
to increase during the whole 5-year follow-up
period.

In the examples presented so far, patients have
only been stratified with respect to age at diagno-
sis, calendar year and sex. Whilst these data
provide a broad overview of the anticipated prog-
nosis of cancer patients, the aim of competing risks
analyses is often to quantify absolute risks for the
purpose of risk communication, healthcare plan-
ning or health economic investigations. To this
end, results for broader patient groups may not
provide sufficient granularity to facilitate the
understanding of how the prognosis varies within
clinically relevant subgroups. A more realistic
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Fig. 4 Stacked probabilities of death due to breast cancer, colon cancer and Chronic Myeloid leukaemia (CML) and deaths
due to other causes amongst 55-, 65 and 75-year-old patients diagnosed in 2012.
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picture would include consideration of other
known prognostic disease factors. These will vary
by disease and could include:

• Risk group classifications based on tumour size,
spread, prostate-specific antigen and Gleason
score and initial treatment strategy for prostate
cancer.

• Hormone receptor and HER-2 status, number of
affected lymph nodes and adjuvant therapy for
women with breast cancer.

• Disease localization, neoadjuvant and adjuvant
radio and/or chemotherapy and type of surgery
for patients with colon cancer.

• Prognostic scores, for example the Hasford score
calculated using age, spleen size and laboratory
values for CML

Prediction models that incorporate detailed clinical
and biological data and aim to aid medical decision
making have been developed and implanted in
clinical practice with supporting online tools [36,
37]. Examples of such validated tools include
PREDICT (https://breast.predict.nhs.uk/), used
to support treatment selection in early breast cancer
[38], and its counterpart PREDICT prostate
(https://prostate.predict.nhs.uk/) for men with
nonmetastatic prostate cancer [39]. The underlying
statistical models in these specific tools predict all-
cause survival, cancer-specific survival in the pres-
ence of competing risks, and risk for treatment side-
effects (PREDICT prostate only) according to patient
demographics, clinical and biological characteris-
tics of the disease, detection mode. Other interactive
tools that are available for physicians for risk
counselling include the Memorial Sloan Kettering
Cancer Center prediction tools that encompass a
range of sites, including colorectal, bladder,
endometrial, gastric, liver, lung, melanoma, sar-
coma, renal cell carcinoma, prostate and breast
cancer (https://www.mskcc.org/nomograms).

Loss in life expectancy

Survival in the presence of competing risks pro-
vides an easy-to-interpret summary measure of
cancer patient survival within a fixed time period
after diagnosis (up to 10 years in the examples
above). Other measures that quantify survival
across the entire remaining life span can provide
useful insight into the prognosis and burden of

disease in the longer perspective. One such mea-
sure, that is also interpretable in the real world, is
loss in life expectancy [40, 41]. Life expectancy, in
general, is a measure of average expected survival
time. For human populations, it is often reported
from birth, but can be estimated and reported
according to any combination of year of birth,
attained age, sex or other demographic factors. For
the general population, such data can be obtained
via publicly available country-specific population
life tables [42]. In cancer patient survival studies,
life expectancy is typically estimated from the date
of cancer diagnosis until death (irrespective of
cause of death) and gives a prediction of the
number of life years that remain for patients after
they have been diagnosed with cancer.

Contrasting the remaining life expectancy amongst
cancer patients to that in the general population
gives an estimate of the loss in life expectancy (LLE)
due to cancer [40, 43-45]. The LLE is interpreted as
the number of life years a cancer patient is
expected to lose, on average, due to the cancer
diagnosis. Despite the simplicity with respect to its
theoretical definition, LLE has been used little in
research practice as a tool to summarize cancer
patient survival. However, due to recent method-
ological developments that facilitate its estimation,
the LLE has gained popularity also in observational
cancer studies [46-50]. For example, the LLE has
been used to efficiently summarize the continual
survival improvements amongst patients with CML
[48]. In Fig. 5, the life expectancy of a female CML
patient aged 70 at diagnosis across calendar time
is shown along with the life expectancy for females
of the same age in the general population. The
difference between the two lines (indicated by the
yellow arrow) is the estimated number of years lost
due to the disease. It can be seen that a patient
diagnosed in 1993 had a remaining life expectancy
of 4.2 years, whereas the corresponding time was
16.4 years for a comparable female in the general
population, giving a LLE of 12.2 years. Similarly,
for a female of the same age who was diagnosed in
2010 the life expectancy was 14.7 years, compared
to 18.2 years for females without CML, giving a
LLE of only 3.5 years.

The improvements in the life expectancy of CML
patients over time by far exceed the improvements
seen in the general population. Importantly, for the
latter calendar period the life expectancy of the
patients has approached that in the general pop-
ulation. The marked improvements shown here are
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likely due to the introduction of imatinib mesylate
and other new tyrosine kinase inhibitors along with
allogeneic stem cell transplantation for which effi-
cacy has previously been shown in clinical trials
[51, 52].

The LLE varies greatly across age, since younger
individuals in the general population have a longer
life expectancy, and thereforemore life years to lose.
In Fig. 6, the LLE across age at diagnosis is pre-
sented for prostate cancer patients, female breast
cancer patients, female colon cancer patients and
female CML patients who were diagnosed in 2007.
As anticipated, LLE is consistently higher at young
ages (50–60 years) compared with older ages
(70 years and above) although with substantial
variation in numbers between the different cancers.
High losses are observed amongst young patients
with aggressive cancer types such as colon and
breast cancer. In prostate cancer, losses are lower in
young ages, likely reflecting the indolent nature of
many diagnosed cases and early detection through
PSA-screening [53].

Whilst survival is generally better for younger
cancer patients for most cancer sites, the impact
of cancer on the life expectancy is by definition
greater for younger patients compared to older. For
this reason, the LLE is not a relevant measure for
drawing conclusions about the prognostic effect of
age on survival. An alternative measure that allows
more relevant comparisons across age is the

proportion of life lost due to cancer. It is calculated
by dividing the LLE by the expected remaining life
years and answers the question: What proportion of
my expected remaining life may be lost due to the
cancer?

The proportion of life lost is presented in Fig. 7 for
prostate cancer patients, female breast cancer
patients, female colon cancer patients and female
CML patients, diagnosed in 2007. For prostate-,
breast- and colon cancer, where there are great
differences in the LLE across age, the proportion of
life lost is fairly constant across age. Prostate and
breast cancer patients loose approximately 10-20%
of their remaining life expectancy, and colon cancer
patients approximately 30-40% of their remaining
life expectancy. For CML patients, the LLE is more
similar across age, whereas instead the proportion
of life lost varies across age.

Since the loss in life expectancy is calculated
across the entire remaining life span, the method
relies on extrapolation of survival beyond observ-
able data. Restricted mean survival is a related
measure that instead estimates the loss in life
expectancy within a predefined, limited observa-
tion window, for example five or ten years. The
restricted time window obviates the need to make
assumptions about survival trends in the cancer
patients and in the general population into the
nonobservable future [54]. For this reason,
restricted mean survival can be a useful summary
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Fig. 5 Illustration of loss in
life expectancy for women aged
70 years at diagnosis of
chronic myeloid leukaemia
(CML) in Sweden.
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measure for young patients for whom extrapolation
of survival 30–40 years into the future would
otherwise imply a high degree of uncertainty in
the estimates. Hodgkin lymphoma is a malignancy
well-known for affecting young individuals and for
whom restricted mean survival has been applied to
show loss in life expectancy within the first five
years after diagnosis [55].

Updating the prognosis for survivors—conditional survival

In the examples discussed so far, survival has been
presented from diagnosis and gives estimates of
the pretreatment prognosis. When a cancer patient
has survived the first period after diagnosis, the
overall survival estimates at diagnosis no longer
apply. From a patient perspective, it is then of more
interest to study conditional estimates, for example
What is the survival among patients that have
survived the first year, or the first five years? [56,

57]. To this end, all measures that have been
introduced in this tutorial can also be presented as
conditional estimates. Conditional estimates of
LLE are shown in Fig. 8 for prostate cancer
patients, female breast cancer patients, female
colon cancer patients and female CML patients
diagnosed in 2007. For example, a woman diag-
nosed with colon cancer aged 65 years in 2007 is
expected to lose 8.2 life years from diagnosis.
However already after having survived 1 year from
diagnosis, the LLE has decreased to 5.9 life years,
and after 5 years the remaining LEL is 1.8 years. A
75-year-old female patient is expected to lose 4.7
life years, but this decreases to 0.7 at 5 years after
diagnosis, indicating that if a 75-year-old patient
survives 5 years after diagnosis, the life expectancy
is similar to cancer-free women of the same age.

The summarized information in Fig. 8 is quite
dense which is a necessity for scientific
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Fig. 6 Loss in life expectancy by age at diagnosis for men with prostate cancer, female patients with breast cancer, colon
cancer and chronic myeloid leukaemia (CML) and diagnosed in 2007 in Sweden.
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publications and mostly useful for readers with a
high degree of information literacy. InterPreT
(https://interpret.le.ac.uk/) is an interactive can-
cer survival prediction tool that uses population-
based cancer data from England and Sweden to
illustrate variation in survival by patient charac-
teristics. Both net survival and survival in the
presence of competing risks are reported, and
conditional survival estimates are available
through dynamic illustrations. To aid communica-
tion with nonspecialist target groups, it may also
be useful to present summary statistics in a more
simplified manner. Infographics are graphical tools
that are helpful to visualize prognostic information
and that are sometimes used to improve patient
understanding. Figure 9 shows life expectancy of a
female colon cancer patient diagnosed in 2007 at
age 65 and corresponding life expectancy of a 65-
year-old in the general population. In this figure,
each bar represents an expected remaining life

year at the time of diagnosis (left) and 5 years after
diagnosis (right), respectively. Specifically, the yel-
low bars represent the remaining life years in
women with colon cancer and the sum of the
yellow and blue bars represent the remaining life
years in women in the general population (as-
sumed free from colon cancer).

This illustration clearly visualizes that the dis-
crepancy in life expectancy at diagnosis between
women with colon cancer and women without
cancer is 8 years. Amongst five-year survivors
the expected survival in the general population
is 18 years, the conditional survival of women
with a history of colon cancer is 16 years, which
gives a difference of 2 life years lost due to the
cancer.

Efficient tools for risk communication, such as
infographics, are increasingly important in times
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Fig. 7 Proportion of life lost by age at diagnosis for men with prostate cancer, female patients with breast cancer, colon
cancer and chronic myeloid leukaemia (CML) and diagnosed in 2007 in Sweden.
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when patients actively search web-based resources
to learn more about their anticipated disease
course. To meet this information need, it is imper-
ative that data for this purpose are recent, accu-
rate and with the source clearly stated. In all
situations where results are presented for lay
audiences, disclaimers should accompany the
data stating the conditions for interpretation, and
that the most appropriate information for the
individual should be discussed with the treating
physician.

Discussion and conclusion

Using population-based data from Sweden, we
have described two key statistical measures that
are useful for describing and communicating the
real-world survival experience of cancer patients;
cancer survival in the presence of competing risks
and expected life years lost due to the cancer.

These measures are used increasingly in the
scientific literature as tools for prediction or to
understand the impact of a cancer diagnosis on the
remaining life expectancy. In contrast to net sta-
tistical measures that are commonly reported in
cancer control research and descriptive epidemiol-
ogy, the measures highlighted in this tutorial are
produced with the interest of risk counselling
between healthcare professionals and patients in
mind. We also described the concept of conditional
survival, that is updated survival estimates that
are particularly relevant for survivors as they
reflect the inherent change in the anticipated
prognosis as patients live through and beyond
their cancer diagnosis. Although the fundamental
idea of these measures and concepts are not novel
from a theoretical point of view, examples in the
clinical literature suggest there are misconceptions
with respect to what measures are appropriate to
report given the research question at hand [58, 59].
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Fig. 8 Conditional estimates of loss in life expectancy for men with prostate cancer, female patients with breast cancer,
colon cancer and chronic myeloid leukaemia (CML) and diagnosed in 2007 in Sweden.
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Plausible reasons for the said confusion are failure
to convey the purpose of the study and the nature
of the hypothesis (hypothetical versus real-world)
but also preferences in estimation methods and
their associated terminology. The former reason is
a delicate matter that requires careful considera-
tion and thought at the design phase of any
investigation. Broadly speaking, studies that aim
to understand how some underlying biological
mechanism, hypothesized to drive differences in
cancer outcome between groups, should be per-
formed in the net survival setting (absence of
competing risks). Conversely, for investigations
where absolute risk comprehension is the goal

(whether for healthcare planning or risk commu-
nication) estimating the impact of competing risks
in parallel to the cancer outcome is necessary.

If one is interested in comparing treatment efficacy,
randomized controlled trials (RCT) remain the gold
standard study design. RCTs provide estimates of
the best achievable survival since patients enrolled
in trials are typically younger and healthier than
the average patient. In the context of trials, relative
survival is an inappropriate summary measure of
survival since the general population does not
provide a representative comparison group for
patients who are selected for RCTs. Population-

Fig. 9 Example illustrating the life expectancy and loss in life expectancy of a female colon cancer patient diagnosed in
Sweden in 2007 at age 65, at diagnosis and conditional on surviving 5 years.
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based studies, on the other hand, provide esti-
mates of patient survival amongst all patients,
including those not eligible for trial inclusion.

With respect to terminology, different estimation
methods can be used to target the same underlying
theoretical quantity but the language used for
reporting varies. For example, cause-specific sur-
vival, relative survival, actuarial survival and
cumulative incidence are all terms used in popu-
lation-based cancer patient survival research to
report estimates of net survival. Likewise, terms
reflecting survival in the presence of competing
risks include crude survival, (cause-specific)
cumulative incidence and real-world risk. We
argue that ‘Survival in the absence of competing
risks’, and ‘Survival in the presence of competing
risks’ are intuitive and less prone to ambiguity
when communicating with nonspecialist target
groups and chose this nomenclature for this tuto-
rial. However, we also recognize a need for consis-
tent terminology within specialist fields. For
example, the term ‘cause-specific survival’ (reflect-
ing net survival) has been criticized for being
ambiguous since during follow-up, every patient
has either died of one of many possible causes or
survived all possible causes of death [13]. Whilst
this is a semantic issue with ‘cause-specific sur-
vival’, we do not think the term should be avoided
since is the established technical term for what is a
very common descriptive statistic in cancer control
research and descriptive epidemiology.

We also briefly touched upon the idea of general-
izability of results to individual patients through
increasing use of detailed clinical data coupled
with online tools to facilitate uptake of elaborate
models amongst physicians. This is a nontrivial
topic that requires ability to balance the model-
based simplifications of the clinical reality with
other patient-specific factors, and an understand-
ing that this area of research is a fast moving
target. Individual-level prognostication that inte-
grates clinical, biological and imaging data to
facilitate patient tailored treatment strategies is
increasingly called for in the era of precision
medicine. And although beyond the scope of this
review, machine learning algorithms, particularly
deep learning methods including artificial neural
networks and support vector machines, have
emerged in various fields of oncology [60, 61].
These methods are inherently data-driven and
have been appraised for their predictive accuracy
which stems from their ability to capture complex

nonlinear correlations in high dimensional mixed
data [62]. However, several challenges remain
before artificial intelligence and machine learning
tools are likely to be widely used in clinical prac-
tice. Important barriers for wider uptake and
grounds for more research include lack of inter-
pretability of the prediction models, as machine
learning models are typically not causal, and
insufficient external validation of the predictive
accuracy [62, 63]. This is nonetheless an active
area of research that will undoubtedly continue to
create interest in the clinical community for many
years to come and gain more acceptance as a
complementary tool to support medical decision
making once intelligible and generalizable models
become available.

To conclude, statistical methods for competing
risks, loss in life expectancy and conditional sur-
vival have become increasingly popular amongst
medical researchers, and in this review we have
discussed when these methods are appropriate to
use, under what assumptions the results are valid
and how results are interpreted. An important take
home message for when choosing between sum-
mary measures of survival is to carefully determine
the nature of the hypothesis under investigation.
Whilst traditional measures of net survival are
highly relevant in cancer control and suitable in
aetiologic research, measures that account for
competing risks and/or provides updated estimates
of survival as the lives of cancer survivors progress
are more relevant for patients and healthcare pro-
fessionals. Reporting of such statistics may range
from dense data summaries for specialist readers of
scientific publications to interactive online tools
that allow for a higher level of granularity of the
data, as well as adaptation towards lay persons.
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