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Survival statistics are of great interest to patients, clinicians, researchers, and policy makers. Although seemingly simple, sur-
vival can be confusing: there are many different survival measures with a plethora of names and statistical methods developed 
to answer different questions. This paper aims to describe and disseminate different survival measures and their interpretation 
in less technical language. In addition, we introduce templates to summarize cancer survival statistic organized by their specific 
purpose: research and policy versus prognosis and clinical decision making.
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Survival statistics are the most used measures to estimate cancer 
patients’ prognosis and the likely course of their disease and are of 
great interest to patients, clinicians, researchers, and policy makers. 
Although a seemingly simple concept, survival can be confusing: 
there are many different survival measures with a plethora of names 
and statistical methods developed to answer different questions. 
Because most of the work has been published in technical journals, 
clinicians and members of the public may not appreciate the many 
cancer survival statistics available and how to interpret them. For 
example, relative survival is often used to estimate a cancer patient’s 
survival. However, relative survival—also called net survival—rep-
resents the net effect of a cancer diagnosis, that is, the chances of 
surviving assuming that cancer is the only possible cause of death. 
Because cancer patients, of course, can also die from competing 
causes, the patients’ chance of dying from the cancer, dying from 
other “competing” causes, or surviving—also called crude survival 
measures—are more relevant survival statistics for cancer patients 
and the clinicians treating them.

This paper has two main objectives. The first is  to describe 
the different survival measures, the methods and assumptions 
behind them and their respective interpretation in less techni-
cal language. The second is to provide a presentation template 
for summarizing cancer survival statistics for major cancer sites, 
organized by measures that answer policy and research questions 
and measures most useful for individual cancer patients in clinical 
decision making.

Cancer Survival Versus Mortality Statistics: 
Two Sides of Different Coins
In common usage, survival and mortality are two sides of the same 
coin: a person is either alive or dead. But in cancer statistics, sur-
vival and mortality are two sides of different coins. Mortality mea-
sures the number of cancer deaths among the entire population 
(ie, people with and without cancer). It is the chance that a person 

in the population will die of a cancer over a period of time, usually 
a year. Survival is the number alive among people with cancer. It 
is the chance that a cancer patient will be alive some years (typi-
cally five or 10 years) after diagnosis (Table 1). For clarity, the table 
refers to “population mortality” and “survival for cancer patients”. 
The key difference between population mortality and cancer sur-
vival statistics is the denominator. For mortality, the denominator 
is the whole population, but for survival, the denominator only 
includes people diagnosed with cancer (in both cases, the denomi-
nator is typically measured as person-years at risk).

In the cancer registry setting, survival is sometimes called 
“population-based survival”. This term erroneously sounds like it 
refers to survival for the entire population, with and without can-
cer. Instead, population-based survival refers to survival of all cancer 
patients diagnosed in a defined population area as opposed to survival 
of the usually highly selected (and often unrepresentative) cancer 
patients who participated in randomized trial.

Survival is sometimes used as a policy measure of cancer bur-
den and is often used to compare cancer outcomes between dif-
ferent populations and time periods. However, it is well known 
that survival is more sensitive to biases (eg, lead time and length 
biases) than population mortality. For example, longer survival 
may reflect later deaths—but it can also reflect earlier diagnosis 
or over diagnosis (detecting cancer cases that progress so slowly 
that the person dies of other causes) with no change in death. 
Consequently, mortality is the preferred statistic for comparisons 
of cancer burden between different populations and across time.  
Nevertheless, mortality statistics alone cannot distinguish between 
the effects of primary prevention, earlier detection or better treat-
ment. A paper in this monograph (1) discusses the use of cancer 
survival as a cancer burden measure, its biases and highlights the 
importance of interpreting survival trends in the context of inci-
dence and mortality.

For cancer patients, the main statistic of interest is not popu-
lation mortality, but individual survival. Survival, not mortality, 
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Table 1.  Comparison of mortality rate and survival statistics. Understanding progress against cancer requires 
examination of mortality, survival, and incidence

answers the question that cancer patients want to know: what 
is my chance of staying alive given my diagnosis? Clearly, sur-
vival is an important statistics from a clinical perspective that 
can provide prognosis for particular cancer types and cancer 
patients.

Different Measures of Survival: Dealing 
With Competing Causes of Death
Different survival measures answer different questions. Table  2 
classifies survival into three main groups: overall survival (includes 
all causes of death), cancer prognosis (net survival that removes 
competing causes of death), and actual prognosis (crude probabili-
ties that consider competing causes of death). We have added the 
terms cancer prognosis and actual prognosis to use language that is 
more transparent than the technical statistical terms of net survival 

and crude survival, respectively. Both cancer prognosis and actual 
prognosis are calculated differently depending on whether cause of 
death information is available.

Overall Survival
Overall survival—also called all-cause, observed, and crude sur-
vival—is the most easily understood survival measure. It esti-
mates the chance of remaining alive some time after diagnosis. 
Because it uses death from all causes as the endpoint (as opposed 
to death from a specific cause, which can be misattributed), over-
all survival is the most reliable and available survival measure. 
However, it is not specific enough to provide information on 
survival associated with a cancer diagnosis. Higher survival may 
reflect fewer deaths from other causes or fewer deaths from the 
specific cancer.
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Cancer Prognosis (Net Survival): Survival 
Measures That Remove Competing Causes 
of Death
Researchers and clinicians have long been interested in measures 
that isolate the effect of a cancer diagnosis on survival: to estimate 
the chances of surviving a cancer while removing possible distor-
tions from competing causes of death. Such cancer prognosis mea-
sures are associated with the cancer biology, that is, what happens 
with the cancer or natural history of the disease in the absence of 
other causes of death. It also answers questions about the efficacy 
(in clinical settings or randomized trials) or the effectiveness (in 
cancer registries) of cancer interventions. In these settings, dif-
ferences in cancer survival will reflect differences in cancer rather 
than competing causes of death. We consider net survival, that is, 
survival measuring the net effect of a cancer diagnosis after remov-
ing the effects of competing causes of death as a cancer prognosis 
measure. The two commonly used methods to estimate cancer 
prognosis, relative survival (2,3) and cause-specific survival (4), are 
described here.

Relative Survival: Relying on Life Tables to Estimate 
Cancer Prognosis
Relative survival is the ratio of overall survival for cancer patients to 
the expected survival of a comparable group of cancer-free individu-
als. It provides a measure of excess mortality experienced by can-
cer patients without requiring cause of death information. Its initial 
motivation was closely related to the idea of “cure”. Researchers were 
interested in studying if and when overall survival for cancer patients 
returned to the same level as the general population, that is, when the 
excess deaths associated with a cancer diagnosis was zero, so patients 
no longer died from their cancer. For most cancer registries, cause of 
death information obtained from death certificate is either unavail-
able or unreliable due to misclassification errors or inherent ambi-
guities in determining the underlying cause of death. For example, 
a metastasis site might be reported as the cause of death rather than 
the true underlying cause, the original cancer site. Consequently, 
most registries have traditionally reported relative survival.

Since a comparable group of cancer-free individuals is difficult to 
obtain, expected survival is estimated using general population life tables. 

Table 2.  Definitions and interpretations of prognosis statistics (ie, case-based measures) using the example of prostate cancer
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The underlying assumptions are that cancer deaths are a negligible pro-
portion of all deaths in the general population and that cancer and non-
cancer are independent competing causes of death. Expected survival 
is calculated from the population life tables by matching an imaginary 
individual from the general population whose survival is represented by 
the respective life table. Cancer patients are matched on age, year, sex, 
race, and geographic area (eg, national, state, census, and so on) if avail-
able. Expected survival using life tables can be calculated in Surveillance, 
Epidemiology, and End Results (SEER)*Stat using any of the following 
four methods: Ederer I(2), Ederer II(3) (default), Hakulinen (5,6) and 
Pohar–Perme (7) (soon to be implemented in SEER*Stat). The meth-
ods differ in how long the matched individuals are considered to be at 
risk of death (8). For five-year survival, most of the methods provide 
very similar relative survival estimates. The new Pohar–Perme method 
provides the only unbiased estimate of “net survival” (7); however, it 
has larger variance compared with Ederer II, which may cause estimate 
instability especially for long-term survival and small data (9–11).

Cause-Specific Survival: Relying on Accurate Cause of 
Death Information
Cause-specific (4), also denoted cancer-specific, survival uses cancer 
death as the endpoint and censors people dying of other causes 
of death. Clinical studies have long used cause-specific survival 
because cause of death is typically available and accurately ascer-
tained from detailed review of medical records and adjudication 
committees (12). The recent development of an algorithm, which 
more accurately attributes a cause of death to cancer (13), has 
made it possible for cancer registries to move to reporting cause-
specific survival. This algorithm (described on the SEER Web site 
http://seer.cancer.gov/causespecific/) uses causes of death that are 
likely to be related to the particular cancer or as a consequence 
of a cancer diagnosis. In situations where relative survival may 
be considered the gold standard, validation studies demonstrated 
that the cause-specific survival using the new cause of death vari-
able more closely resembled relative survival than cause-specific 
survival using the presumably less accurate, reported cause of 
death (13).

Cause-specific survival is considered a “net” measure because 
it removes competing causes of death: people dying of competing 
causes are censored (ie, they are not counted as “endpoints” but just 
removed from the “at risk” group in the same way that people who 
are lost to follow-up are removed). In effect, cause-specific survival 
may be interpreted as cancer survival in the hypothetical situation 
in which the cancer of interest is the only possible cause of death.

When to Use Relative Versus Cancer-Specific Survival
Relative survival is the preferred method to compare survival between 
different registries and across countries because cause of death may 
not be available or there may be variability in the accurate deter-
mination of cause of death across countries (14). However, relative 
survival can only be calculated when accurate life tables are available 
to represent expected survival of the cohort of cancer patients. When 
cancer patients differ considerably from the general population with 
respect to important personal factors, which may affect deaths from 
other causes (such as socio-economic status, health status, and health 
behaviors like smoking), relative survival can be biased.

Relative survival is overestimated when expected survival from life 
tables is too low. In fact, relative survival may even exceed 100%. 
This scenario is best illustrated for cancers found largely by screen-
ing, such as localized prostate and breast cancers. People who are 
screened have higher life expectancy than the general US popula-
tion, perhaps because of better overall health, greater access to 
health care, or healthier lifestyles. This healthy screened effect was 
most recently demonstrated in the Prostate, Lung, Colorectal, and 
Ovarian (PLCO) Cancer Screening Trial, where participants in this 
screening trial had 30%–50% lower mortality rates for heart disease, 
injury, and kidney disease than expected (15). Because the expected 
survival of the general population is lower than for the screened pop-
ulation, relative survival is inflated by a denominator that is too small.

Relative survival is underestimated (ie, the denominator is falsely 
high) when expected survival from life tables is too high. Patients 
with smoking-related cancers (eg, lung cancer) typically have lower 
life expectancy than the general population because they face sub-
stantially higher risks of death from many cancers and from heart 
disease (16). Because the expected survival for the general popula-
tion is higher than for smokers, relative survival is deflated by a 
denominator that is too big.

When life tables are not available or are unlikely to accurately 
estimate expected survival for a particular group of cancer patients, 
cause-specific survival may be more accurate than relative survival. 
Thus, SEER reports cause-specific instead of relative survival for 
Hispanics, Asians (eg, Chinese, Japanese, Filipino, Vietnamese), 
Native Americans, and Alaska Natives (17). The cause-specific 
method should also be used to estimate survival by factors that 
affect deaths from competing causes that life tables do not account 
for, such as chronic disease comorbidity and smoking status.

Actual Prognosis (Crude Probabilities): 
Survival Measures That Include Competing 
Causes of Death
Cancer prognosis communicates the net effect of a cancer diag-
nosis: the chance of surviving assuming the cancer was the only 
possible cause of death. But patients diagnosed with cancer may 
be far more interested in understanding what is likely to happen to 
them over time, specifically, their chance of dying from the cancer, 
versus dying from competing causes or surviving. Actual prognosis 
measures provide this information and have been developed using 
statistical competing risk methods. These statistics, also known as 
crude probability of death, crude survival, absolute risks, competing risks, 
cumulative incidence function, consider two (or more) endpoints: 
death due to cancer and death due to competing causes. As in real-
ity, these events are considered mutually exclusive: a person can 
only die from one cause. Survival is calculated as one minus the 
probabilities of dying of cancer and dying of competing causes, and 
is exactly the same as overall survival.

Similar to net survival, crude probabilities can be calculated 
using either cause of death information (18,19) or expected survival 
using population life tables (20). However, to be useful as prognosis 
measures, crude probabilities need to be tailored to individual can-
cer patients and their level of comorbidity. As general life tables will 
not represent expected survival for different levels of comorbidity, 
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the cause of death method is the better method to estimate indi-
vidualized actual prognosis measures.

In this monograph, Howlader et  al. (21) compares actual and 
cancer prognosis and provides actual prognosis estimates for major 
cancer sites by age categories and comorbidity. Because actual 
prognosis measures are more valuable when tailored to the indi-
vidual, they are better reported in web applications, allowing the 
user to enter specific demographics, tumor characteristics, and 
comorbidity profile to obtain the respective estimated survival. The 
National Cancer Institute is developing the SEER Cancer Survival 
Calculator (22), a tool that will provide individualized actual prog-
nosis for patients diagnosed with breast, prostate, colorectal, and 
head and neck cancers, accounting for many personal factors, such 
as stage, grade, age, sex, race, year of diagnosis, comorbidity, mari-
tal status, and socio-economic status (22). Also in this monograph, 
Feuer et al. (23) report the external validation of this tool using a 
group of patients diagnosed with colorectal and prostate cancers in 
a health maintenance organization.

When to Use Cancer or Actual Prognosis 
Measures?
Because cancer prognosis measures reflect the hypothetical situ-
ation where competing causes of death are removed, they are 
the best measures to represent trends, comparisons between dif-
ferent groups of cancer patients and the impact of cancer biol-
ogy and other factors on cancer survival. The general idea is that 
changes in competing causes of death should not obscure cancer 
survival comparisons. As such, cancer prognosis measures are 
best suited to answer questions related to health policy, research, 
and biology.

Actual prognosis, on the other hand, better describes an indi-
vidual’s chance of survival because it accounts for both the chance 
of dying from cancer and from competing causes. Because actual 
prognosis most closely reflects reality, these measures are most 
valuable in predictive tools, clinical decision making, and cost-
effectiveness analyses. For example, older patients with coexisting 
comorbidity may have a higher probability of dying from compet-
ing causes than of dying from their cancer; in fact, the chance of 
dying from competing causes may preclude the benefit of cancer 
treatment.

Presentation Templates for Summarizing 
Cancer and Actual Prognosis Measures
We developed a presentation template to summarize measures of 
cancer prognosis and actual prognosis. The template is designed to 
more efficiently and clearly present: survival trends, the effect of 
prognostic and demographic characteristics on cancer prognosis, 
and actual prognosis measures for cancer patients and clinicians. 
We present the templates for eight major cancer sites: prostate, 
female breast, lung and bronchus, colon and rectum, urinary blad-
der, pancreas, corpus uteri cancers, and leukemia. To represent 
cancer prognosis we used five-year relative survival or five-year 
cause-specific survival, depending on which is more appropriate. We 
include 95% confidence intervals whenever feasible.

Cancer Prognosis Templates 
Survival trends To illustrate trends in cancer survival, we show five-
year relative survival by year at diagnosis in a table format. A figure 
with age-adjusted incidence and mortality trends is also presented 
to provide interpretation of changes in survival in terms of cancer 
progress or burden [see Cho et al. (1) for more details on trends 
interpretation]. 
Cancer prognosis by prognostic and demographic characteristics  The mar-
ginal effect of age, race and clinical characteristics on 5 year relative 
survival is displayed as a bar chart with 95% confidence intervals. 
This template can be useful to inform researchers regarding which 
characteristics have a bigger effect on five-year cancer survival. Five-
year relative survival is also displayed as a table by age groups and 
clinical characteristics, which may provide information on the effect 
of clinical factors on cancer prognosis for different age groups.
Cancer prognosis by race/ethnicity Because life tables are not avail-
able by race and ethnicity, we used five-year cause-specific survival 
stratified by race/ethnicity and stage together in a table format, to 
represent cancer prognosis. 

Actual Prognosis Templates 
Actual prognosis by age group is shown in horizontal bar charts for 
different stage and levels of comorbidity. Each bar chart displays 
the percentage of patients dying of cancer (black area), dying of 
competing causes (dark grey area) and surviving (light gray area) 
five years after diagnosis. The percent at the end of each bar repre-
sents the percentage of patients surviving. The first column of bar 
charts represent actual prognosis by stage and age for all patients 
with the specific cancer type, irrespective of their comorbidity sta-
tus. It represents survival for a patient with the average comorbidity 
in the cancer population. The second and third columns of graphs 
show these data for patients with no comorbidities and those with 
severe comorbidities, respectively [see Howlader et al. (21) in this 
monograph for more details on interpretation].

Data and Methods
Incidence and survival were calculated from the NCI SEER Program 
data. Registries joined the SEER program in different years. The 
SEER 9 registries were used for the calculation of time trends in 
incidence and survival from 1975 to 2010 and cover approximately 
9% of the US population. SEER 18 was used for the remaining 
survival calculations, which include patients with a cancer diagno-
sis between 2004 and 2009 and study cutoff date December 31, 
2010. These registries cover approximately 28% of the US popula-
tion and have expanded reporting on race and ethnicity (eg, white, 
black, Asian/Pacific Islander, American Indian/Alaskan Native, and 
Hispanic). We used the derived American Joint Committee on 
Cancer, sixth edition, stage variable based on information collected 
for cancer cases diagnosed in 2004 and after under Collaborative 
Stage. Detailed information on staging may be found here: http://
seer.cancer.gov/seerstat/variables/seer/ajcc-stage/6th/. SEER site  
recode variable based on the World Health Organization Inter
national Classification of Diseases for Oncology, 3rd Edition 
(ICD-O-3) was used. Detailed information on the SEER site 
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recode variable maybe found here: http://seer.cancer.gov/siter-
ecode/index.html. Detailed information on tumor grade or differ-
entiation may be obtained from SEER program coding and staging 
manual 2013 http://seer.cancer.gov/manuals/2013/SPCSM_2013_
maindoc.pdf.

Mortality trends for the whole United States were estimated 
from deaths and causes of death data provided by the National 
Center for Health Statistics (www.cdc.gov/nchs) and retrieved 
using SEER*Stat software. The cancer sites used in these analyses 
were categorized according to the SEER cause of death recode. 
The associated ICD codes can be viewed on the SEER Web site 
(http://seer.cancer.gov/codrecode/1969+_d09172004/). Population 
estimates to calculate incidence and mortality rates were obtained 
from the US Census Bureau and available at SEER*Stat.

Incidence and mortality trends are included to provide interpreta-
tion of the changes in cancer survival trends (1). Mortality repre-
sents the whole US population, whereas incidence rates represent 
SEER 9 population and are adjusted to account for delay in the 
reporting of cases in the most recent years (delay-adjusted rates) 
(http://surveillance.cancer.gov/delay/). The line in Design 1 rep-
resents estimates from the Joinpoint model (24), which involves 
fitting a series of joined straight lines on a logarithm scale to the 
age-adjusted rates by calendar year.

Cancer prognosis was estimated as either relative survival or cause-
specific survival. Relative survival was calculated by dividing all-cause 
(observed) survival to the expected survival. Expected survival is 
estimated using the Ederer II method (3) by linking cancer patients 
by sex, age, race, and year to the US (1970–2007) life tables avail-
able at (http://seer.cancer.gov/expsurvival/). Cancer survival trends is 
displayed as five-year relative survival by year at diagnosis estimates 
from a Joinpoint model on survival (25). The model fits linear seg-
ments to the hazard of dying as a function of calendar time and 
estimates points in which changes occurred. For patients diagnosed 
2006 or later, the survival estimates reflect projected results from 
the model, because five-year observed is not available. Cause-specific 
survival was calculated to show cancer prognosis for specific race/
ethnic groups because race/ethnicity life tables are not currently 
available. The SEER cause-specific death classification variable was 
used to identify deaths attributed to the specific cancer (13).

Actual prognosis is estimated as the five-year chance of dying 
from cancer, chance of dying of other causes and survival using 
the SEER cause-specific death classification to determine cause of 
death (13). Level of comorbidity before a cancer diagnosis for patients 
age 66 or older in the linked SEER-Medicare dataset were identi-
fied in previous analyses (26). Sixteen comorbid conditions iden-
tified by Charlson et al. (27) were identified from Medicare claims 
and summarized in an index, which was used to classify patients 
into comorbidity severity groups. For more information on the 
comorbidity index, refer to Howlader et  al. (21) and Mariotto 
et al. (26).

All survival calculations used the complete method.

Discussion
Survival statistics are of great interest to clinicians, researchers, 
patients, and policy makers. Numerous methods and measures of 
cancer survival for cancer registry data have been developed, but not 

all are well known or in common use. This paper is an attempt to 
introduce the main cancer registry survival measures to a broad audi-
ence. To make the measures more accessible, we minimize technical 
language and provide explanations, suggest when to use them, and 
provide caveats for their interpretation. We introduce templates to 
summarize cancer survival statistics organized by their specific pur-
pose: research-policy versus prognosis-clinical decision making. Although 
we report templates for eight major cancer sites, we plan to utilize 
these templates in annual reports and expand on the number of can-
cer types.

The other papers in this monograph complement this paper by 
providing applications, or describing methods and measures in more 
detail. Cho et al. (1) illustrate how trends in incidence and mortal-
ity can be used to interpret changes in survival. This paper also pro-
vides an explanation of the various biases that can affect survival, 
mostly caused by the introduction of screening or more advanced 
diagnostic techniques.  Weir et al. (28) and Pinheiro et al. (29) 
study various issues with follow-up for ascertainment of vital status 
and how they impact survival estimates. Because life tables are an 
important component of relative survival estimation, Stroup et al. 
(30) studied the impact of national life tables versus state life tables 
on relative survival. Their study suggests the need to develop more 
appropriate life tables that better represent the varying mortality 
patterns in different populations for reporting of regional survival 
estimates. Lewis et al. (31) and Kish et al. (32) looked at cancer prog-
nosis disparities in different populations.   Lewis et al. (31) reports 
relative survival for adolescents and young adults diagnosed with 
cancer and compared with patients diagnosed at older ages. Kish 
et al. (32) investigates difference in five-year cause-specific survival 
among groups with different race, ethnicity and socioeconomic  
status (SES). Because life tables are not available by race/ethnicity 
or SES, they used cancer-specific survival. Finally, Stedman et al. 
(33) reports current estimates of cure fraction (the proportion of 
individuals that will not die of their diagnosed cancer) for selected 
cancers, based on SEER data, and investigates the effect of long 
versus short follow-up time on different types of models for  esti-
mating the cure fraction. Three monograph papers use actual prog-
nosis measures: Howlader et al. (21), Feuer et al. (23), and Rabin et 
al. (34). Howlader et al. (21) compares cancer and actual prognosis 
measures and reports actual prognosis estimates for four leading 
cancers by age, comorbidity, and cancer stage. Feuer et al. (23) and 
Rabin et al. (34) are companion papers. They use the SEER Cancer 
Survival Calculator, which is being developed to be used as a web 
tool to provide individualized actual prognosis for prostate, female 
breast, colorectal and oral cancer patients. Feuer et al. (23) reports 
on the external validation of the tool using prostate and colorec-
tal cancer patients’ data from a health maintenance organization. 
Rabin et al. (34) uses health maintenance organization data to 
describe service utilization patterns of subgroups of prostate can-
cer and colorectal patients who have different relative probabilities 
of dying of their cancer or other conditions as estimated by the 
tool. We mainly focused on methods and measures implemented 
in SEER*Stat that could be readily used with cancer registry data. 
However, there are other more technical population-based can-
cer survival topics that have not been covered. Some examples 
are age-standardized survival (http://seer.cancer.gov/stdpopula-
tions/survival.html) (35), inclusion of multiple tumors (36), cohort 

http://seer.cancer.gov/siterecode/index.html
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definition and period survival (37) (http://surveillance.cancer.gov/
survival/cohort.html), and projections of cancer survival (38).

Because different survival statistics answer different questions, 
both the producers and the end-users of cancer survival measures 
need to understand how to select and interpret the most appropri-
ate statistic to answer the question of interest.
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