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Studies addressing breast cancer risk factors have been looking at trends relative to age at menarche and
menopause. These studies point to a downward trend of age at menarche and an upward trend for age at
menopause, meaning an increase of a woman’s reproductive lifespan cycle. In addition to studying the
effect of the year of birth on the expectation of age at menarche and a woman’s reproductive lifespan,
it is important to understand how a woman’s cohort affects the correlation between these two variables.
Since the behavior of age at menarche and menopause may vary with the geographic location of a woman’s
residence, the spatial effect of the municipality where a woman resides needs to be considered. Thus, a
Bayesian multivariate structured additive distributional regression model is proposed in order to analyze
how a woman’s municipality and year of birth affects a woman’s age of menarche, her lifespan cycle, and
the correlation of the two. The data consists of 212,517 post menopause women, born between 1920 and
1965, who attended the breast cancer screening program in the central region of Portugal.
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1 Introduction

Several studies (Hsieh et al., 1990; Kelsey et al., 1993; McPherson et al., 2000; Lambe, 2010) over the
years have pointed to early menarche and late menopause as important breast cancer risk factors. This
has triggered studies aiming to analyze possible time trends regarding a woman’s age at menarche and
menopause (Talma et al., 2013; Berman et al., 2012; Rigon et al., 2010; Cabanes et al., 2009; Nichols,
2006; Padez and Rocha, 2003). In general, these studies describe a significant decrease in age of menarche
over time, without clear evidence regarding an increase of a woman’s age at menopause. This particular
problem was addressed by the authors in an earlier study (Duarte et al., 2014), where they investigated
how age of menarche and menopause relates to a woman’s year of birth, together with other breast cancer
risk factors such as whether a woman has been pregnant at least once in her life, and whether she breastfed,
among others. Also considered were the possible spatial correlations that can arise from a woman’s place
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of residence. The findings showed that not only early menarche is observed for younger women, i.e., the
ones with the most recent year of birth, but also a decreasing time trend of the age of menopause seemed
to prevail along the birth cohorts under study.
Rather than studying the evolution of the age of menarche and menopause separately, it is worth taking
up their relationship jointly. Since these two moments mark the beginning and the ending of a woman’s
lifetime exposure to endogenous hormones, a variable that can be taken into consideration is a woman’s
reproductive lifespan cycle, determined by the difference between a woman’s age at menopause and
menarche. A reference to this variable is made by Nichols (2006), where the results pointed to an upward
trend in the number of a woman’s reproductive years, but in which the decreasing trend of both age
at menarche and menopause found in Duarte et al. (Duarte et al., 2014) does not seem to corroborate
Nichols’ findings. In addition, notice that identical reproductive lifespans of a woman does not mean
that their cycle occurred at the same point in time, thus indicating that it is very important to consider
the cohort to which a woman belongs. Therefore, in this work we propose a model to study the effect of
the year of birth on a bivariate response, consisting of a woman’s age at menarche and her reproductive
lifespan cycle. Age at menarche was chosen instead of age at menopause because, although both events
depend on a woman’s memory, menarche is a singular life-changing event in a woman’s adolescence,
more so than menopause, which can be considered a process extended over time, thus making it difficult
to pinpoint a specific date for its occurrence. Another reason for this choice of variables is determined
by the results of the study carried out by the Collaborative Group on Hormonal Factors on Breast Cancer
(2012) which confirmed that early menarche and late menopause increase breast cancer risk, but where
early menarche constitutes a greater breast cancer risk than late menopause.
Therefore, it should be of the utmost importance to explore how individual characteristics such as age at
menarche and a woman’s reproductive lifespan can be a reflection of influence from any environmental
factors. This matter is addressed in the present work by including the spatial effect of a woman’s place of
residence as a predictor covariate in our multivariate model.
To sum up, the aim of this study is to explore the effect of the birth cohort and of a woman’s social
and natural environment of where she resides on the correlation of the two individual variables: age at
menarche age and a woman’s reproductive lifespan cycle. Thus, the problem requires regression models to
be formulated in a multivariate way, where correlated response variables can be considered simultaneously
using a structured additive predictor. The regression models performed in this study are based on a
Bayesian structured additive distributional regression methodology for multivariate response developed by
Klein et al. (2015b). This unified Bayesian approach for a multivariate structured additive distributional
regression is an extension of the work developed by the same authors for univariate responses (Klein et
al., 2015a), where the main idea is to model other parameters of the response distribution rather than the
usual mean. Section 3 of this paper will give a brief description of this methodology. The rest of the paper
is structured as follows: Section 2 presents the data set used in this study, Section 4 provides the results of
the proposed analysis, followed by the discussion in Section 5.

2 The breast cancer screening data

The data used in this study was provided by the Central Regional Nucleus of the Portuguese Cancer
League (LPCC-NRC), sponsored by the Breast Cancer Screening Program (BCSP) in 78 municipalities
located in central Portugal’s. The database consists of women who were registered for the BCSP in central
Portugal between 1990 and 2010. The screening program is implemented gradually over central Portugal
thus, in a given year, there are municipalities in different rounds of the screening. In every follow-up
round the information registered in previous rounds is revised and confirmed. Even if a woman has been
diagnosed with a tumor, which means she is entrusted to the National Health Services and leaves the
screening program, her last round information remains in the database and is part of this study. For this
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reason, the most recent data collected from the last visit that a woman made to the screening program is
the one being studied.
In Portugal, participation in the screening program takes place via invitation and is not mandatory,
implying some absenteeism that can lead to bias in the results due to the different levels of the
municipalities’ attendance rates. The complexity of the data collected throughout these last 20 years is
pictured in Figure 1, which shows the evolution of the attendance rates for municipalities, separated by
4 different levels of rate of attendance when they first entered the screening program, and where colors
represent the year in which a municipality entered the program. Looking at this figure, there is a clear
improvement of the attendance rates in the central region of Portugal throughout the years. The majority
of the municipalities started with attendance rates higher that 30%, with rates reaching more than 70%
over 57% of the municipalities.

[Figure 1 here]

The data set is an extension of the data used in Duarte et al. (2014) with 278,282 registries. This new data
set not only includes the previous information, but also the information concerning the screening rounds
of three additional years as compared to the first one. Therefore, women considered in this study have a
screening age between 45 and 69, with 76% (212,517) of them reaching menopause.
The variables used in this study are: age of menarche, a woman’s reproductive lifespan cycle (calculated
by subtracting the age of menarche from the age of menopause), year of birth, and the code of the
municipality where a woman resides. A summary description of these variables can be found in Table 1.

[Table 1 here]

As mentioned above, the reproductive lifespan cycle is the difference between the age at menopause and
the age at menarche. Although, the database consists not only of post-menopausal women, but also of
women that have not yet reached the menopause. To take in account the latter cases, i.e. pre-menopausal
women, we would have to develop in future research an extension of Bayesian multivariate structured
additive regression models that will take into account censored responses. Thus, only post-menopausal
women were considered in this study. Consequently, they are representative of the group of women who
are older and have remained in the screening program for some time, thus excluding younger women
that have not yet entered menopause as well as those who dropped out of the screening program before
entering menopause. Table 2 shows the distribution of the women grouped into three cohorts. The first
cohort contains women born before 1931, the second covers women born between 1931 and 1955, and
the third cohort includes those women born after 1955. Looking at the frequency table, it is clear that
the majority of the women (86%) are in the second cohort, 1931 − 1955. In the following section, by
proposing a model that includes varying coefficients, the main cohort of women (1931 – 1955) is separated
from remaining cohorts, thus minimizing the selection bias that is usually present in the screening program.

[Table 2 here]

3 Model formulation

As previously mentioned, the aim of this work is to understand to what extent a woman’s year of birth and
the region where she resides are associated with her age of menarche, her reproductive lifespan cycle, and
the possible correlation between the two. With this in mind, the model performed has a bivariate response,
the pair age at menarche and a woman’s reproductive lifespan. From this point onward, in the interest of
simplifying the notation, the variable reproductive lifespan cycle shall be referred to as ”window”. Thus,
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the response y = (M,W )′, whereM corresponds tomenarche andW towindow, has a bivariate normal
distribution y ∼ N(µ,Σ), with density:

p(M,W ) =
1√

(2π)2det(Σ)
exp

{
− 1

2
(y − µ)′Σ−1(y − µ)

}
,

where µ = (E(M), E(W ))′ is the expectation vector and the covariance matrix is given by

∑
=

(
σ2
M ρσMσW

ρσMσW σ2
W ,

)

with σ2
M = var(M), σ2

W = var(W ), and ρ = corr(M,W ).

Considering K the number of parameters of the response distribution, the motivation from the Bayesian
multivariate distributional regression proposed by Klein et al. (2015b) is to construct a semiparametric
structured additive predictor ηϑk

i with covariates νi linked to each response distribution parameter ϑik, with
k = 1, . . . ,K, by a monotone, twice differentiable, response function hk. Thus, ϑik = hk(η

ϑk
i ) and ηϑk

i =

h−1k (ϑik). In the present study, where the response y = (M,W )′, has a bivariate normal distribution, it is
necessary to consider both the expectations and standard deviations of the marginal distributions, together
with the correlation parameter. Each of these parameters are estimated as functions of the covariates using
the following link functions:

ηµM

i = µiM , ηµW

i = µiW ,

ησM
i = log(σiM ), ησW

i = log(σiW ),

ηρi = ρi/
√
(1− ρ2i ).

The semiparametric predictor ηϑk
i , with ϑk ∈ {µM , µW , σM , σW , ρ} has the general form:

ηϑk
i =

Jk∑

j=1

fϑk
j (νi), (1)

where the functions fϑk
j (νi) can represent linear functions, continuous functions, spatial effects or other

type of functions as defined in Fahrmeir et al. (2004).
Since the smooth terms are defined using basis functions, the predictors in equation (1) can be written in
the following generic matrix notation

ηϑk =

Jk∑

j=1

Zϑk
j βϑk

j ,

where ηϑk is the vector of predictors, (ηϑk
1 , . . . , ηϑk

n ), βϑk
j are vectors of the basis coefficients to be

estimated, and Zϑk
j are design matrices obtained by evaluating the basis functions at observed covariates.

The coefficients βϑk
j are estimated using Bayesian inference with MCMC simulation techniques, assuming

improper Gaussian priors:

p{βϑk
j |(τϑk

j )2} ∝
{ 1

(τϑk
j )2

}rk(Kϑk
j )/2

exp
{
− 1

2(τϑk
j )2

(βϑk
j )′Kϑk

j βϑk
j

}
.
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Thus, each term fϑk
j = (fϑk

j (ν1), . . . , f
ϑk
j (νn))

′ = Zϑk
j βϑk

j is well defined by the design matrix Zϑk
j

and the penalty matrix Kϑk
j . The smoothing variance parameters (τϑk

j )2 are also considered as random
variables to which are assigned inverse Gamma priors (τϑk

j )2 ∼ IG(aϑk
j , bϑk

j ), with aϑk
j = bϑk

j = 0.001.
To study the effect of the year of birth and possible spatial correlations on the relationship between the
window and age at menarche, the following general model was defined:

ηi = α+ f1(birthi) + fspat(munici),

where birth is the year of birth and munic is the municipality where a woman lives. The smooth function
f1 is estimated using Bayesian P-splines (Lang and Brezger, 2004; Brezger and Lang, 2006). The P-splines
approach (Eilers and Marx, 1996) allows to approximate the unknown function f1 by a polynomial spline
of degree l with equally spaced knots over the domain of birth. The spline can be written in terms of a
linear combination of B-spline basis functions. The design matrix Z is given by B-spline basis functions
evaluated at the observations birthi. The advantage of the P-splines comparatively to the regression splines
is that the number and locations of the knots are no longer critical choices, with only a reasonable number
(about 20-40) required to ensure flexibility. A wiggliness penalty is introduced to prevent overfitting. In
this work, a cubic spline was chosen, that is a twice continuously differentiable function giving a visually
smooth function estimate. A second order random walk is used as prior for the regression coefficients with
diffuse priors for initial values. The penalty matrix is of the form K = D′D, where D is a second order
difference matrix.
The function fspat, representing the spatial effect of the municipality, is estimated through an intrinsic
Markov random field (MRF) prior (Fahrmeir and Lang, 2001; Rue and Held, 2005).
Due to the imbalance observed in the distribution of the three cohorts presented in Table 2, and trying to
diminish a possible bias derived from only being considered the post-menopausal women, the spatial effect
was evaluated at each cohort through the introduction of varying coefficients that enable us to model this
interaction. For each cohort range defined in Table 2, a dummy variable was considered. Cohort 1 (C1)
corresponds to women born between 1920 and 1930, cohort 2 (C2) to those born between 1931 and 1955,
and finally cohort 3 (C3) for women with year of birth from 1955 onwards. With this notation the predictor
equation assumes the form:

ηi = α+ f1(birthi) + C1i ∗ fspat(munici) (2)
+C2i ∗ fspat(munici) + C3i ∗ fspat(munici).

Following the same ideas behind distributional regression, predictor (2) is applied to each response
distribution parameter ηϑk

i , yielding the equations for each ϑk ∈ {µM , µW , σM , σW , ρ}:

ηϑk
i = αϑk + fϑk

1 (birthi) + C1i ∗ fϑk
spat(munici)

+C2i ∗ fϑk
spat(munici) + C3i ∗ fϑk

spat(munici)

Inference was carried out using the Markov Chain Monte Carlo (MCMC) simulation algorithm based
on distribution-specific iteratively weighted least squares approximations to the full conditionals,
which is implemented in BayesX software version 3.0.2 (Belitz et al., 2015) available from
http://www.bayesx.org. This approach is detailed in Klein et al. (2015a) and the multivariate
extension can be found in Klein et al. (2015b). Source code to reproduce the results is available as
Supporting Information on the journal’s web page.
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4 Results

The distributional multivariate models performed in the current study, is an extension of the univariate
analyses presented by Duarte et al. (2014), who analyzed the effect of a woman’s the year of birth on the
age at menarche and menopause, separately. The present bivariate model enabled to study the effect of the
year of birth and the effect of a womans place of residence in the correlation between the two responses.
Figure 2 shows the posterior mean estimates of the expectations of the marginal distributions of the
variables window and age at menarche as a function of a woman’s year of birth.

[Figure 2 here]

The graph on the right-hand side of Figure 2 shows a decreasing effect of the year of birth on the
expectation of age at menarche, suggesting that earlier menarche is associated with younger women. With
respect to the effect on the expected value of the window, the graph on the left-hand side of Figure 2 shows
a clear upward trend for women born before 1952, followed by a sharp drop. This is not surprising since
this drop corresponds to younger women who had already reported going through menopause. Thus, these
women are the ones who reached menopause relatively early, representing lower values for the window.
The effects of the year of birth on the standard deviation of the marginal distributions of the window and
menarche are shown in Figure 2.

[Figure 3 here]

A clear decreasing effect for both variables, window (left-hand side) and age at menarche (right-hand
side), is observed in Figure 3. This decreasing effect in the standard deviation is to be expected since age
at menarche and menopause are dates more easily remembered by younger women.
Finally, Figure 4 shows the estimated correlation between age at menarche and window as a function of the
year of birth. A clear negative correlation is observed throughout the cohorts. This points to earlier ages
of menarche as being associated with longer reproductive lifespan cycles. The stability of the negative
correlation observed for the middle cohort, women born between 1931 and 1955 (the majority of women
in our data), upholds the earlier suggested idea that not only is the decrease in a woman’s age at menarche
observed, but it also is marked by an increase in a woman’s reproductive lifespan cycle.

[Figure 4 here]

As described in the previous section, the spatial effect was evaluated at each cohort, introducing varying
coefficients in the predictor equation. The spatial effect was estimated at each cohort level separately:
Level 1 - women born between [1920, 1930], Level 2 - women born between ]1930, 1955], and Level
3 - women born after 1955. Figures 5 through 8 show the spatial effects on the expectation and on the
standard deviation of the window and age of menarche, respectively.

[Figures 5, 6, 7, 8 here]

From these figures we see very similar spatial effects on the variables window and age of menarche. The
effect on the expected value of the window (Figure 5) and of the age at menarche (Figure 7) showed no
significant spatial effects for the former and very few regions with significant spatial effects in the latter,
when looking at the older cohort of women (age of birth before 1931, left graphs in Figures 5 and 7). For
the middle cohort and especially in the younger women (Figures 5 and 7, middle and right graphs) the
significant regions (both strictly positive and negative 95% CI) are present throughout the entire central
region of Portugal.
When looking at the spatial effect on the standard deviation of the variables window (Figure 6) and age at
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menarche (Figure 8), the similarities of these effects are even more evident. No significant effects in the
older cohort (left graphs in Figures 6 and 8) and the interior of central Portugal shows a decreasing effect
on the standard deviation of both variables, while the opposite effect was observed in the coastal regions.
Regarding the correlation between age of menarche and a woman’s reproductive lifespan cycle, Figure 9
shows almost no significant effects in all regions over the 3 cohorts of women.

[Figure 9 here]

5 Discussion

Since the coastal regions of central Portugal are in general more economically developed than its interior
counterparts, the expectation was an increasing effect on the window and a decreasing effect on age of
menarche in the east-west direction, especially for the younger women’s cohorts.
The results showed a very clear downward trend for age at menarche together with an increase of a
woman’s reproductive lifespan cycle (Figure 2). More than analyzing the effect of the year of birth on
the marginal behavior of age at menarche and a woman’s reproductive lifespan cycle, the distributional
multivariate model employed in this study allowed us to explore this effect on the correlation between
these two variables. The negative effect achieved on the correlation, bringing into consonance the
results observed for the age at menarche and a woman’s reproductive lifespan cycle separately, proves the
advantage of these models when modeling the effect of the covariates in the association between a bivariate
response. As a final remark, this study substantiated once again the decline of the age of menarche over
time, as was observed in the univariate study presented by (Duarte et al., 2014). In addition, for the first
time, the upward trend of a woman’s reproductive lifespan reported in the literature (Talma et al., 2013;
Berman et al., 2012; Rigon et al., 2010; Cabanes et al., 2009; Nichols, 2006; Padez and Rocha, 2003) was
detected.
Nevertheless, the expected east-west direction of the spatial effects was not corroborated by the results
presented in the previous section. In particular, older women (born before 1931) showed a non-significant
spatial effect on the expectation and on the standard deviation of the window. In addition, the results
did not capture the expected spatial effect of earlier age of menarche and wider reproductive lifespan
cycles associated with the coastal regions (Rodrigues, 1993; Duarte et al., 2014), not even for the younger
women cohort. These results may be explained by external factors that were not taken into consideration
in the model, which is an indication that spatial and social indicators are not the only factors associated
with a woman’s individual characteristics, namely age at menarche and the reproductive lifespan cycle of
a woman.
A first possible external factor is migration movements within this central region of Portugal. For
economic reasons, these movements in Portugal are more frequent in the east-west direction (Rees, P. et
al., 1998). Thus, the chance that a woman who lives in the coastal area of the country is a non-native
of that region is higher than for a woman who resides in the interior part of the country. Therefore, the
current residence reported by women in our data set may not be a meaningful factor since it does not
represent the true effect of the region where a woman spent her childhood and adolescence.
Secondly, the attendance and detection rates are in general affected by the existence of a parallel
offer of breast cancer diagnostics, used frequently by woman with higher purchasing power. This is a
distinguishing characteristic between the coastal and the interior regions, with a natural consequence of
this self-selection factor, where the interior has a greater representativeness in the screening program.
Thirdly, the exposure to exogenous hormones like estrogen and progestogen, from which oral
contraceptives are made, is an important factor that should be included in future analysis, since
they may affect a woman’s reproductive lifespan cycle.
Finally, as mentioned in Section 2, only the post-menopausal women who attended the Breast Cancer
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Screening Program in central Portugal were considered in this analysis, and therefore they mostly
represent older women and those that have been part of the program for a longer time. Thus, younger
women who have not reached menopause and have left the screening program before reaching menopause
were excluded from this study. A challenge and an important contribution when dealing with this type of
data is extending the distributional models to censored responses. This feature will be addressed in future
research and will enable us to conduct further analyses with the inclusion of the pre-menopausal women
in order to assess how the omission of the pre-menopausal women constitutes a significant bias in these
first analysis.
Although the inclusion of the spatial effects was not sufficient to capture the complexity associated to the
environmental factors, the results reflect the population where the data is selected and raised important
questions related to what should be considered as environmental factor, whether a woman’s place of
residence or a woman’s place of birth and her adolescent years. The latter information is not available
in the breast cancer screening data provided by the Central Regional Nucleus of the Portuguese Cancer
League for this study. This group is currently planning a serious of smaller studies addressing the impact
of a screening program in women, where the inclusion of a woman’s place of birth and her adolescent
years may allow us to evaluate the true spatial effect in these two important variables, age at menarche and
a woman’s reproductive lifespan cycle, in studying breast cancer risk factors.

c© 2010 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com
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Figure 1 Evolution of the attendance rates for all BCSP-CB municipalities since they have entered the
screening program, separated by their initial attendance rate.
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Figure 2 Year of birth effect - Posterior mean estimates of the expectation: µwindow (left) and on
µmenarche (right) with 95% pointwise credible intervals.

Figure 3 Year of birth effect - Posterior mean estimates of the standard deviation parameter: σwindow
(left) and on σmenarche (right) with 95% pointwise credible intervals.

c© 2010 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com



A
u
th
or

M
an
u
sc
ri
p
t

This article is protected by copyright. All rights reserved.

Biometrical Journal 52 (2010) 61 11

Figure 4 Year of birth effect - Posterior mean estimates of the correlation parameter ρwindow,menarche
with 95% pointwise credible intervals.
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Figure 5 Spatial effect - Posterior mean estimates of the structured spatial effect on µwindow: Left: Level
1 - women born between [1920, 1930]; middle: Level 2 - women born between ]1930, 1955 ]; right: Level
3 - women born after 1955. The 95 % related posterior probabilities are plotted below, where a value of 1
(white regions) corresponds to a strictly positive 95% credible interval, a value of -1 (black regions) to a
strictly negative credible interval, and a value of 0 (gray regions) indicating that the corresponding credible
interval contains 0.
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Figure 6 Spatial effect - Posterior mean estimates of the structured spatial effect on σwindow: Left: Level
1 - women born between [1920, 1930]; middle: Level 2 - women born between ]1930, 1955 ]; right: Level
3 - women born after 1955. The 95 % related posterior probabilities are plotted below, where a value of 1
(white regions) corresponds to a strictly positive 95% credible interval, a value of -1 (black regions) to a
strictly negative credible interval, and a value of 0 (gray regions) indicating that the corresponding credible
interval contains 0.
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Figure 7 Spatial effect - Posterior mean estimates of the structured spatial effect on µmenarche: Left:
Level 1 - women born between [1920, 1930]; middle: Level 2 - women born between ]1930, 1955 ]; right:
Level 3 - women born after 1955. The 95 % related posterior probabilities are plotted below, where a value
of 1 (white regions) corresponds to a strictly positive 95% credible interval, a value of -1 (black regions)
to a strictly negative credible interval, and a value of 0 (gray regions) indicating that the corresponding
credible interval contains 0.
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Figure 8 Spatial effect - Posterior mean estimates of the structured spatial effect on σmenarche: Left:
Level 1 - women born between [1920, 1930]; middle: Level 2 - women born between ]1930, 1955 ]; right:
Level 3 - women born after 1955. The 95 % related posterior probabilities are plotted below, where a value
of 1 (white regions) corresponds to a strictly positive 95% credible interval, a value of -1 (black regions)
to a strictly negative credible interval, and a value of 0 (gray regions) indicating that the corresponding
credible interval contains 0.
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Figure 9 Spatial effect - Posterior mean estimates of the structured spatial effect on ρwindow,menarche:
Left: Level 1 - women born between [1920, 1930]; middle: Level 2 - women born between ]1930, 1955
]; right: Level 3 - women born after 1955. The 95 % related posterior probabilities are plotted below,
where a value of 1 (white regions) corresponds to a strictly positive 95% credible interval, a value of -1
(black regions) to a strictly negative credible interval, and a value of 0 (gray regions) indicating that the
corresponding credible interval contains 0.

Table 1 Statistics of the variables in the study.

Variable Mean Standard Deviation (SD) Min-Max
Birth year 1946 9.8 1920-1965
Age of menarche 13.3 8.0 8-18
Reproductive lifespan 34.9 5.5 3-50

Table 2 Distribution of the women by cohorts

Cohort Proportion (%) Menarche age Menopause age Reproductive life span
Mean Median Mean Median Mean Median

[1920,1930] 2.3 13.9 14 47.8 49 33.9 35
]1930,1955] 86.1 13.4 13 48.5 50 35.1 36
> 1955 11.6 12.8 13 46.0 47 33.2 34
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