
Projecting the future burden of lung cancer 
using Bayesian age-period-cohort models

Background
Age-period-cohort (APC) models can be used to project the incidence of cancer using age, period 
and birth-cohort as surrogate measures of latent processes that affect cancer risks.1,2

APC models were fitted to incident count data for seven different cancers. This poster focuses on 
methods and results for lung cancer.

Original model
The number of cases, 𝑦𝑖𝑗, for age group 𝑖 and period 𝑗 was modelled using the population at risk, 

𝑁𝑖𝑗, and incidence rate, 𝜆𝑖𝑗:2,3-5

𝑦𝑖𝑗|𝜆𝑖𝑗 ~ 𝑃𝑜𝑖𝑠𝑠𝑜𝑛 𝑁𝑖𝑗exp 𝜆𝑖𝑗

𝜆𝑖𝑗 = 𝜇 + 𝛼𝑖 + 𝛽𝑗 + 𝛾𝑘 + 𝑧𝑖𝑗

Where 𝑧𝑖𝑗 is an overdispersion parameter. Birth-cohort, 𝑘, is a linear combination of age group and 

period, 𝑘 = 𝑀 𝐼 − 𝑖 + 𝑗 , where 𝐼 is the maximum age group index and 𝑀 is the number of 
periods (for example, years) per age group.

To ensure identifiability, the effects were constrained to sum to zero, Σ𝛼𝑖 = Σ𝛽𝑗 = Σ𝛾𝑘 = Σ𝑧𝑖𝑗 = 0.

Second-order random walk (RW2) priors were applied to the age, period and cohort effects to 
account for the autoregression between consecutive age or period groups. The intercept and 
overdispersion effects were given normal priors, the latter having a mean of zero.
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Alternative models
Previously, Riebler and colleagues6,7 found that projections were strengthened by stratifying by 
region. Papoila et al.8 included sex-specific intercepts and age and period effects, with spatially-
structured and unstructured random effects and a space-time interaction. Finally, Smith and 
Wakefield2 proposed including slopes, 𝑎 and 𝑏, for age group and period.

In the absence of geocoded data, we attempted to add strength to the models by stratifying by sex. 
Using the code of Papoila et al.,8 we devised model B with a sex-specific, 𝑠, intercept:

𝜆𝑖𝑗𝑠 = 𝜇𝑠 + 𝛼𝑖 + 𝛽𝑗 + 𝛾𝑘 + 𝑧𝑖𝑗𝑠

Additionally interaction terms between sex and the period and cohort slopes were fitted with sum-
to-zero constraints for the period and cohort random effects:

𝜆𝑖𝑗𝑠 = 𝜇𝑠 + 𝑎𝑖 + 𝑏1𝑗 + 𝑏2𝑗𝑠 + 𝑐1𝑘 + 𝑐2𝑘𝑠 + 𝛼𝑖 + 𝛽𝑗 + 𝛾𝑘 + 𝑧𝑖𝑗𝑠

Model C was fitted with and without the cohort slope and interaction term (𝑐1 and 𝑐2). Unless 
otherwise specified, the results below show the model where 𝑐1 ≠ 0 and 𝑐2 ≠ 0.

Methods
Data
Queensland Cancer Registry data were used from 1982 to 2016, with counts of diagnoses 
aggregated into for five-year age groups for males, females and persons. The models were fitted to 
the first 20 years of data (1982 – 2001) and the predictive accuracy was assessed using data and 
projections for the subsequent 15 years (2002 – 2016).

Results

Raw, sex-specific count data for lung cancer
by age group or period

(A)

(B)

(C)

Modelling
Models A, B and C were fitted to the data using INLA.9 As shown in the Table 1, A was fitted to data 
for all persons and to data sets for males and females, separately. Model C was fitted with and 
without both a slope for cohort and an interaction between sex and cohort.

Model BModel A(F / M) Model C(PH)

Model

Predictive 
errors Calibration test

Coverage probability

𝑪𝑹𝑷𝑺 𝑨𝑬 z p 95% 80% 50%

A(P) Persons 5.8 8.2 0.1 0.9 96 84 56

A(M) Males 4.3 5.9 0.3 0.8 94 82 57

A(F) Females 3.6 5.1 0.7 0.5 94 82 57

B Intercepts 8.6 12.7 -0.3 0.8 94 81 58

C(P) Period 
interaction

5.4 7.7 -0.3 0.8 94 81 58

C(PH) Period and 
cohort 
interactions

4.0 5.7 2 0.05 93 80 54

Conclusions
Bayesian age-period-cohort models were successfully fitted to cancer incidence data.

Predictive errors were small when projecting 15 years.

The dispersion in the data was modelled well when 𝑧𝑖𝑗𝑠 was included.

The most appropriate models were:

A(M) and A(F) the standard APC model, fitted to males and females separately.

C(PH) including interactions with sex and the slopes of both period  and cohort.

Sex must be modelled separately or interaction terms must be used.

Including sex in the model had practical advantages:

Relative risk of males and females can be inferred.

Models of melanoma incidence, for example, had very wide 95% credible intervals 
unless the model included both sexes, modelled separately.

Age-standardised incidence rates
Observed age-standardised incidence rates (orange 
dots) have sex-specific trends:

Male lung cancer rates were decreasing

Female lung cancer rates were increasing

Models A(F), A(M) and C(PH) appear to fit the data well.

However, A(F) and A(M) do not allow comparisons 
between effects for males and females.

Model B exhibited:

Systematic error,

“Noisy” estimates, suggesting over-fitting,

A step increase in the width of the credible bands 
when predictions commence.

As observed in the raw data, sex-specific effects, 
additional to the intercept, are required:

Model C(P) also had systematic error and poor 
diagnostics indicating the cohort slope and 
interaction were also necessary.

Diagnostics
Greater predictive errors (CRPS and 𝐴𝐸) were observed for Models A(P) and B.

Lowest errors were for Models A(F), A(M) and C(PH).

Weak evidence of poor calibration was observed for Model C(PH). Other models 
appear to be well calibrated.

Positive z-statistic implied predictions of Model C(PH) may be under-dispersed 
compared with data.

Coverage probabilities were good for all models.

Relative risk
Relative risks for males vs females can be calculated using 
Models B and C.

At all ages, men have a much higher (ca. 8- to 10-fold) risk of 
lung cancer diagnosis.

The relative risk is constant with period and birth-cohort.

There is weak evidence of an age difference in the relative risk.
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Model
Name

Sex Equation

A(P) Persons 𝜆𝑖𝑗 = 𝜇 + 𝛼𝑖 + 𝛽𝑗 + 𝛾𝑘 + 𝑧𝑖𝑗

A(M) Males 𝜆𝑖𝑗 = 𝜇 + 𝛼𝑖 + 𝛽𝑗 + 𝛾𝑘 + 𝑧𝑖𝑗

A(F) Females 𝜆𝑖𝑗 = 𝜇 + 𝛼𝑖 + 𝛽𝑗 + 𝛾𝑘 + 𝑧𝑖𝑗

B Persons 𝜆𝑖𝑗𝑠 = 𝜇𝑠 + 𝛼𝑖 + 𝛽𝑗 + 𝛾𝑘 + 𝑧𝑖𝑗𝑠

C(P) Persons 𝜆𝑖𝑗𝑠 = 𝜇𝑠 + 𝑎𝑖 + 𝑏1𝑗 + 𝑏2𝑗𝑠 + 𝛼𝑖 + 𝛽𝑗 + 𝛾𝑘 + 𝑧𝑖𝑗𝑠

C(PH) Persons 𝜆𝑖𝑗𝑠 = 𝜇𝑠 + 𝑎𝑖 + 𝑏1𝑗 + 𝑏2𝑗𝑠 + 𝑐1𝑘 + 𝑐2𝑘𝑠 + 𝛼𝑖 + 𝛽𝑗 + 𝛾𝑘 + 𝑧𝑖𝑗𝑠

A
ge

-s
ta

n
d

ar
d

is
ed

in
ci

d
e

n
ce

 r
at

es
(/

 1
0

0
,0

0
0

 p
e

rs
o

n
-y

ea
rs

)
FE

M
A

LE
S

Table 1; Models fitted to lung cancer diagnosis count data.

Model diagnostics
Predictive accuracy was measured using mean absolute error (𝐴𝐸) and continuous ranked 
probability score (𝐶𝑅𝑃𝑆), as per the equations below, where 𝑌𝑖𝑗𝑠 and 𝑌′𝑖𝑗𝑠 are independent (one-

step-ahead) realisations from the predictive distribution.5,10

𝐴𝐸𝑖𝑗 = 𝑦𝑖𝑗𝑠 − 𝑦𝑖𝑗𝑠

𝐶𝑅𝑃𝑆𝑖𝑗 = 𝐸 𝑌𝑖𝑗𝑠 − 𝑦𝑖𝑗𝑠 −
1

2
𝐸 𝑌𝑖𝑗𝑠 − 𝑌′𝑖𝑗𝑠

We assessed dispersion in the model versus data using calibration tests10 and coverage probabilities.
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Raw data
Different trends were observed in the raw incidence counts for 
lung cancer between sexes.

The slope versus birth-cohort decreased with age group. The 
slopes decreased more rapidly among males than females.

These plots suggested that sex-specific effects were required for 
lung cancer.

Predictions commenced:

Credible bands:
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