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Two different types of simple extrapolation models were investigated as tools for cancer
incidence prediction. The number of incident cancer cases by sex and site in Finland was
predicted using a prediction interval for each year from 1967 to 2003 on the basis of
historical cancer incidence data obtained 5 to 15 years earlier. Cancer sites where major
human-made changes in aetiology and diagnostics had occurred were analysed separately.
Assuming that such changes had not occurred, the 95% prediction intervals based on
normal errors of the age-standardised rate and on Poisson models included the observed
number in 65-100% of the years. The Poisson models produced, on average, shorter inter-
vals and were more capable of indicating a site where the model assumptions did not hold
true. Simple extrapolation models may be used with some caution on coverage when there
are no known factors that might make abrupt changes in the temporal development of can-
cer incidence. On the other hand, they may be used for detecting the effects of such factors.
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1. Introduction

Predictions of occurrence of a disease are mainly made for
administrative purposes.” These predictions should be as
accurate as possible. Using these predictions the authorities
could make plans for proper allocation of resources for the
control of the disease, its prevention, diagnostics and treat-
ment and for the rehabilitation of the patients. Predictions
could also have other purposes, e.g. to show what would be
the outcome if a particular programme targeted against the
disease were launched or not.

The simplest way to make predictions is to assess the pre-
vailing trends in the occurrence and to extrapolate them into
the future. For example, with most cancers, the causes and
their distribution in the population are not well-known. With
the long latency times between the causes and the effect it is
reasonable to assume that the causal effects and their
changes would be reflected in the past temporal develop-
ments of characteristics of the disease incidence.” On the
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other hand, changes in the diagnostic facilities and defini-
tions may create artefactual developments that are not likely
to be extrapolatable into the future.® Predictions can then also
be used to detect such developments.

It is important that simple models are used for extrapola-
tion.* Statistical models should be parsimonious, and compli-
cated models are not likely to hold true in the future. Simple
models are also easier to interpret and, if valid, guarantee a
higher precision for predictions.

It would be important to express the precision of any given
prediction. There are three sources of error that may exert an
effect on predictions based on extrapolations. First, there is
randomness in the historical data on which a model should
be fitted. Second, there is inherent randomness in the disease
counts to be observed in the future and third, there may be an
error due to mis-specification of the model applied. The first
two sources of error may be controlled by appropriate predic-
tion intervals,” whereas the third source has led to attempts
to use Bayesian modelling with credible intervals.>®
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Experience with the model may be used as a practical
guidance about the use of a particular model. The present pa-
per reports on the success of two alternative ways of making
simple linear extrapolations to predict cancer incidence in
Finland during the past decades, had both of the current
methodologies been available in the past.

2. Materials and methods

2.1. Material

The Finnish Cancer Registry has collected data of high quality
on all cancer cases diagnosed in Finland since 1953.” The
most common sites were included for both sexes, with the
exception of five sites, based on a priori knowledge. Cancers
of the breast and cervix uteri were excluded, as for them,
countrywide mass-screening programmes are ongoing, the
features of which may be taken into account when making
predictions.®*® Changed diagnostic practices have enor-
mously affected the incidence of prostatic cancer,’* which
was excluded. It was also known a priori that dramatic
changes had occurred in the smoking habits of males, which
could also be taken into account when making predictions.?
As the changes in women’s smoking habits had been slow
and smooth,'® female lung cancer was included. There had
also been changes in the definition of urinary bladder cancer
and consequently this cancer was also excluded.™ Finally, the
material included 15 sites for males and 18 sites for females.
For comparison, analyses were also made for the excluded
sites.

As the models were simple, only 10 years of historical data
were included in the prediction base, i.e. the data on which
the statistical models used were fitted. The horizon of predic-
tion was 5 years in the future for each combination of sex and
site. With these choices, the various prediction bases covered
the years 1953-1988 and the predictions were made for the 37
single years in 1967-2003.

2.2. Methods

Two different approaches were used, the simple extrapolation
of the age-standardised incidence rates'® and the Poisson
regression models.'®"” The observed population age structure
in each year was used as a reference in the standardisation, to
make a simple transformation from the age-standardised rate
to the number of cases. Within each approach, an automatic
model selection algorithm was used. If the slope of overall
incidence was positive, the incidence rates or counts were
modelled as such, to avoid exponential growths in rates. If
it was negative, a logarithmic transformation was employed,
to avoid negative predictions. For zero or close to zero slope
both alternatives coincided or nearly coincided, and thus
the model choice then was not a real issue.

For the Poisson models, within each choice there were two
alternatives. For positive slope, they were*'’

Ecit = nit (o + fit)
and

Eci = niey(1 + ),

where c;; is the number of cases in age group i in year t, n is
the number of person-years in the same stratum and o;, f; and
p are the model parameters. E is the symbol of expectation
according to the model. The former model postulates a sim-
ple linear trend for the incidence c;/n; according to time t.
The latter model assumes a simplification that the slope
(«iB) is proportional to the intercept (»;) in the linear trend.
For negative slope, the two choices were*"’

Ecie = nir exp(o; + fit)
and
Ecie = nir exp(o + ft),

with similar interpretations for the logarithm of the incidence
to those of the two models concerning positive slope.

The model choice between the two alternatives was based
on the log-likelihood statistics. A possibility for over-disper-
sion was also allowed.

Prediction intervals (95% level) were calculated for both
approaches.™'®

Two different indices of success were employed. First, the
proportion of years with the observed number of new cases or
the age-standardised rate falling within the prediction inter-
val was calculated for each combination of sex and site. Sec-
ond, average coefficients of variation (standard deviation/
mean) were assessed for the predictions to compare the
lengths of the prediction intervals, by sex and site.

3. Results

For a number of sites, the 95% prediction intervals included
the observed number of cases in 95% or more of the years,
but for a few sites the coverage was as low as 65% (Table 1).
The median coverage proportions were 86% for both the stan-
dardised rate extrapolation and the Poisson models.

In female lung cancer, the coverage proportion was the
same for the age-standardised rate extrapolation and the
Poisson models (Fig. 1). The prediction intervals using the
Poisson models were, on an average, shorter and their lengths
varied less between the different years. The female lung can-
cer was an extreme example of a general tendency, seen both
in males and females, for the length of the prediction interval
(divided by the prediction itself) to be shorter for Poisson
models than for extrapolations based on the age-standar-
dised rates (Fig. 2).

Male lung cancer was excluded from the analyses because
of drastic changes that had occurred in the smoking habits of
males in Finland. When the predictions were made for that
cancer, the coverage proportion by extrapolation of the age-
standardised rates was 62%, whereas for the Poisson models
the coverage was only half of that, 31% (Fig. 3). For lung cancer
in males, dramatic changes in the smoking habits caused
drastic non-linear developments by time. Thus, the assump-
tions for using simple linear extrapolation models did not
hold in practice, and this was reflected by far lower coverage
proportions than 95%. The standardised rate extrapolation
method produced, on an average, longer prediction intervals
than the Poisson models and thus their coverage of the ob-
served numbers was higher.
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Table 1 - Empirical coverage (in %) of the ex post 95% prediction intervals for the annual number of new cases of cancer

diagnosed in Finland, in 1967-2003, horizon of prediction = 5 years, by sex, site and method

Site Females Males
Poisson models Standardised rate Poisson models Standardised rate
extrap. models extrap. models
1. Lip 95 95 95 95
2. Oesophagus 95 92 95 92
3. Stomach 84 84 100 100
4. Colon 97 97 73 86
5. Rectum 89 95 97 95
6. Liver 78 97 65 81
7. Gallbladder 76 84 65 81
8. Pancreas 89 89 97 97
9. Lung 84 84 = =
10. Corpus uteri 86 91 - -
11. Ovary 86 78 = =
12. Kidney 84 78 78 81
13. Skin 89 86 86 92
melanoma
14. Skin 68 72 81 81
non-melanoma
15. Nervous 76 76 78 95
system
16. Thyroid 68 68 86 92
17. Non-Hodgkin 85 81 86 92
18. Leukaemia 81 81 92 84

Predictions based on standardised rates
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Fig. 1 - Empirical coverage of the ex post 95% prediction intervals, by method, for the annual number of new lung-cancer
cases diagnosed in females in Finland in 1967-2003, with a 10-year base and a 5-year horizon of prediction.

4, Discussion and their distribution in the population are not sufficiently
known. The process can be automatised for these sites and
For most cancer sites, it is reasonable to attempt short-term the coverage proportions of the prediction intervals, even

predictions by trend extrapolation, as the causes of cancer though they are often smaller than the nominal levels, give
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Standardised rate models
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Fig. 2 - Average coefficients of variation for predictions by
cancer site and method, with a 10-year base and a 5-year
horizon of prediction, females. The different number codes
indicate the sites, cf. Table 1.

a better indication of uncertainty than the sole point predic-
tions. If the prediction interval is long or wide, the prediction
is imprecise.

An important special use of the prediction is the assess-
ment of the number of new cancer cases in the current
year.’®? A typical cancer registry publishes the statistics after
2-4 years of the current year. When a 3-year horizon of pre-
diction was used the coverage proportions were, as a rule,
close to the nominal values.

It is important to stress that the simple extrapolation mod-
els should only be used when the model assumptions are va-
lid. The smooth developments in disease incidence are

typically disturbed by activities targeted towards preventing
the cancer (e.g. anti-smoking campaigns or early detection
of precancerous lesions) or cancer death (mammographic
screening of breast cancer or PSA diagnostics of prostatic can-
cer). Application of simple extrapolation models is supposed
to fail in these cases, and other models should be used where
these human actions are explicitly taken into account. Thus,
the applicability of the prediction intervals must only be eval-
uated for sites where the simple extrapolations are expected
to work.?®

In this study, two types of models were applied. On an
average, the extrapolation of the age-standardised incidence
based on normality of random error resulted in longer and
more variable prediction intervals than the use of Poisson
models. As in lung cancer for males they were also, conse-
quently, often less able to reveal that the model assumptions
did not hold.

Predictions may actually be used to show the effect of a
human-made programme against cancer. A simple extrapola-
tion prediction will indicate the range of outcomes if a recent
trend development held true in the future. A success of the
programme can be demonstrated by the observed number
of cases being below the prediction interval.

The ex post predictions were assessed with a 100% success
of the population forecasts, i.e. the predictions were made
only after the exact population count was known. For the
age-standardised rates the success or failure of the prediction
is not an issue as these rates are unchanged by population
numbers. For numbers of new cases, however, it is also very
crucial that the population forecasts work. Experience with
the standardised rate extrapolation models showed that
many of the predictions for the numbers of new cases could

Predictions based on standardised rates
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Fig. 3 - Empirical coverage of the ex post 95% prediction intervals, by method, for the annual number of new lung-cancer
cases diagnosed in males in Finland in 1967-2003, with a 10-year base and a 5-year horizon of prediction.
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fail in spite of the success of the corresponding prediction for
the age-standardised rate.”

The fact that in this study the coverage proportions quite
often were not 95% means that, to some extent, the sources
of error other than the simple Poisson error have also had
an effect on the observed rates. Therefore, it is not sufficient
to only show the theoretical performance of the method with
simulated data® but a validation with real data is also
important.

Due to randomness, the coverage proportion will never be
exactly 95%, even if only Poisson variation affected the inci-
dence rates. When there were changes in the trends, e.g. in
melanoma of the skin due to better awareness of the risks re-
lated to sunbathing,®® the prediction intervals could be ex-
pected to cover less than 95% of the observed rates. The
coverage proportions were, however, close to 90%, indicating
that the changes were almost smooth enough, on an average,
to be picked up with the prediction method based on a short,
10-year, prediction base. The changes in non-melanoma skin
cancer were much more abrupt and the coverage proportions
were much lower.

It is difficult to take proper account of model mis-specifica-
tion. Bayesian models with very wide (almost incredible)
credible intervals have been attempted.>® Another possibility
is to try to explicitly incorporate into the model the factors
(e.g. smoking, mass-screening) that may help the model from
being mis-specified.’®?>2

It is useful to try to predict the future incidence rates with
a number of differently specified models.?* Particularly help-
ful is the consideration of predictions based on different sce-
narios of future developments.'®*??223 This will not only be
so for the possible model mis-specification but also will help
in understanding different consequences of human actions.
This approach may also give a judicious choice of prediction
approach when the rates are changing rapidly. Another possi-
bility are the age-period-cohort models.?* Prediction intervals
can, for all of these predictions, be constructed using the ap-
proach outlined by Hakulinen and Dyba.'® This method is
general and by no means restricted to age-period models
only.

Bayesian®® and Frequentist age-period-cohort models®*
require a longer historical time-series as a basis of prediction.
Cohort phenomena are not unknown in the temporal analysis
of cancer incidence rates” but they require a longer time
span to be detected. On the other hand, for predictions, it
does not often matter even if there are rate developments
by birth cohort, as long as they are linear on absolute or log-
arithmic scales. The non-identifiability property of the mod-
els means that linear developments by birth cohort may be
reformulated as linear developments by calendar time,? and
thus the prediction can be reformulated as a simple trend
extrapolation by calendar time. Thus, the use of very long his-
torical time series as prediction basis may not always be war-
ranted. Doll and Peto?® have thoroughly discussed the issue of
the sources of bias in estimating trends in cancer incidence.
There is another problem with longer time-series of incidence
data, relating to the stability of diagnostic practices and defi-
nitions over time. With the models, it may be risky to extrap-
olate developments that essentially already took place a long
time ago.

The simple extrapolation models can also be easily gene-
ralised to incorporate other factors, e.g. region or other defini-
tion of a population group. Trend analysis within a country
may well show that there is a general tendency of incidence
development but the level of incidence varies by region. This
kind of pattern can be handled by simply adding a region
term in the models.

Predicting a future incidence of cancer is a process which,
for the main large sites of cancer, lung, prostate and breast,
may not be properly handled by simply extrapolating the re-
cent cancer incidence rates. But for the majority of the sites,
extrapolation may well be the method of choice.
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