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Abstract

:

Background: Asbestos exposure is a recognized risk factor for ovarian cancer and malignant mesothelioma. There are reports in the literature of geographical ecological associations between the occurrence of these two diseases. Our aim was to further explore this association by applying advanced Bayesian techniques to a large population (10 million people). Methods: We specified a series of Bayesian hierarchical shared models to the bivariate spatial distribution of ovarian and pleural cancer mortality by municipality in the Lombardy Region (Italy) in 2000–2018. Results: Pleural cancer showed a strongly clustered spatial distribution, while ovarian cancer showed a less structured spatial pattern. The most supported Bayesian models by predictive accuracy (widely applicable or Watanabe–Akaike information criterion, WAIC) provided evidence of a shared component between the two diseases. Among five municipalities with significant high standardized mortality ratios of ovarian cancer, three also had high pleural cancer rates. Wide uncertainty was present when addressing the risk of ovarian cancer associated with pleural cancer in areas at low background risk of ovarian cancer. Conclusions: We found evidence of a shared risk factor between ovarian and pleural cancer at the small geographical level. The impact of the shared risk factor can be relevant and can go unnoticed when the prevalence of other risk factors for ovarian cancer is low. Bayesian modelling provides useful information to tailor epidemiological surveillance.
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1. Introduction


Ovarian cancer is one of the most common cancers among women, ranking seventh in 2018 according to Globocan. It is also important because of its high mortality rate—ovarian cancer is three times more lethal than breast cancer. Worldwide, the incidence was around 300,000 cases and the mortality slightly less than 200,000 deaths in 2018. Approximately 30% of ovarian cancer cases occur in European countries [1]. In Italy, we recorded about 5000 cases and around 3000 deaths per year, and the prevalence was estimated in 50,000 cases in 2020 [2].



The most important risk factors in terms of attributable fraction in developed countries are related to reproductive life, obesity, lifestyles, and genetics (among them BRCA mutations). In 2009, the International Agency for Research on Cancer (IARC) concluded that there is sufficient evidence for a causal association between asbestos exposure and ovarian cancer [3]. Apart from the well-known occupational and environmental exposure to asbestos, it is worth mentioning that asbestos was recognized as a contaminant of talc powders. The relative risk of ovarian cancer associated with talc powders was modest (below 1.3) either in case–control [4] or cohort studies [5]. In Italy, consistently with the IARC statement, high standardized mortality ratios (SMR) were reported in a cohort of workers exposed to asbestos, including asbestos-cement plant workers (SMR 1.5) [6] and asbestos textile workers (SMR 3.0) [7]. Ovarian cancer associated with household asbestos exposures is also documented in Italy, particularly in selected areas where environmental pollution from industrial sources was present (SMR 1.42) [8]. These results raised concerns and motivated claims for surveillance programs [9].



Recently, Henley et al. found a positive correlation between malignant mesothelioma (MM) incidence (an indicator of asbestos exposure) and ovarian cancer incidence in the United States [10]. This contribution opens the question of how large the contribution of asbestos exposure to ovarian cancer is at the population level. However, this study did not address the spatial structure of the problem and the uncertainty related to the surrogate use of MM occurrence as a proxy for asbestos exposure.



In previous studies, we analyzed the geographical pattern of incidence of MM by gender in the Lombardy region in 2000–2012 [11]. This study documented high MM occurrence in both genders, attributable to extensive asbestos exposure in the past. In a more recent paper, shared Bayesian models were used to analyze the geographical pattern of MM incidence in men and women in order to disentangle the spatial distribution of MM risk in two components (occupational and environmental) [12].



In the present paper, we aimed to evaluate the presence and extent of the risk of ovarian cancer associated with asbestos exposure in a large population (10 million people) by applying a series of Bayesian hierarchical shared models to the bivariate spatial distribution of ovarian and pleural cancer mortality by municipality in the Lombardy Region (Italy) in 2000–2018. Shared Bayesian models were originally developed to study the joint spatial distribution of the risk of different diseases and to evaluate the presence and extent of shared risk factors [13]. In particular, we herein applied Bayesian shared models to try to disentangle environmental and lifestyle determinants of ovarian cancer. This modelling approach is quite general and can be used whenever the inferential goal is the correlation between diseases and shared risk factors.




2. Materials and Methods


2.1. Mortality and Population Data


We analyzed deaths from ovarian cancer (ICD-9: 183.0, ICD-10: C56) and pleural cancer in females (including pleural cancer, ICD-9: 163 and ICD-10: C38.4 and pleural mesothelioma ICD-10: C45.0) at the municipal level for Lombardy Region (Italy) in the years 2000–2018. Death records were extracted by the Statistical Service of the Italian National Institute of Health (ISS) from the cause-specific mortality database of the Italian National Institute of Statistic (ISTAT). Since ICD-9 codes were still used in Italy during the years 2000–2002, we converted the codes as reported above. Population denominators came from the same sources of mortality data (ISTAT). Death counts and corresponding population denominators for each of the 1546 municipality were categorized into 18 age classes (0–4, …, 85 and more). The annual expected numbers of ovarian and pleural cancer deaths for each municipality were calculated under internal indirect standardization, i.e., by multiplying year- and age-specific reference regional rates to municipality person-years [14]. We then collapsed observed and expected deaths over the whole period to calculate SMRs for each municipality.




2.2. Bayesian Models


To study the spatial co-occurrence of the two diseases, we specified a series of Bayesian models. The simple correlation between two diseases at the geographical level is a misleading measure [15] because of the spatially structured random noise always present in geographical or spatial phenomena. Therefore, our analysis strategy was to specify Bayesian models for spatially structured random variables. In this section, we first introduce the popular Besag–York–Mollié model to describe the spatial structure for the two diseases separately, and then we introduce more complex models aimed at assessing the presence and extent of shared risk factors. A section on Bayesian model comparison and model choice completes the methods section.



2.2.1. Spatial Pattern of Diseases


We describe the spatial pattern of mortality risk for ovarian cancer and pleural cancer in females in the Lombardy Region for 2000–2018 at the municipality level using hierarchical Bayesian models with structured and unstructured random effects (BYM model) [16]. Let us assume the number of observed cases Oik in the i-th municipality (I = 1, …, 1546) and k-th disease (k = “O” Ovarian, “P” Pleural) follow a Poisson distribution with mean Eik × θik, where Eik indicates the expected number of cases under internal indirect standardization [17] and θik is the relative risk taking the regional average as reference.



A random effects model is specified for the logarithm of the relative risk:


  log    θ  i k       =  α  k   +  u  i k   +  v  i k    



(1)




where αk represents a disease-specific intercept,    u  i k     is a spatially structured (clustering) term by area and disease, and    v  i k     is a spatially unstructured (heterogeneity) term by area and disease.



Priors for    α  k     are assumed independent and uninformative (improper flat). Gaussian (0, λvk) distributions were specified as prior distributions for the    v  i k     random terms. For the spatially structured random terms    u  i k    , conditionally autoregressive priors were adopted. That is, conditionally on ul~i,k (~ i indicates areas adjacent to i-th ones, l = 1, …, 1546), we assumed Gaussian(ūik, λuk ni) distributions, where ūik=     ∑   l ~ i      ū  lk      n i      and ni is the number of the adjacent areas to the i-th one.



The hyperprior distributions for the precision parameters λvk and λuk are assumed to be diffuse uninformative Gamma(0.5, 0.0005) [18].



Let us define this model as model 1 (M1): no shared components are present, but only disease-specific clustering and disease-specific heterogeneity random effects are introduced. Let us indicate disease-specific clustering terms as Uk and disease-specific heterogeneity terms as Vk. With this notation, the described model is denoted as M1: Uk Vk.




2.2.2. Shared Bayesian Models


We used several alternative models based on various shared and disease-specific components combinations. In the following, we indicate with U a shared clustering component and with V a shared heterogeneity component.



Starting from model 1 (M1), we specify eight more models: disease-specific and shared clustering, disease-specific heterogeneity (M2: Uk U Vk); disease-specific, shared clustering, and shared heterogeneity (M3: Uk U V); shared clustering, disease-specific, and shared heterogeneity (M4: U Vk V); disease-specific clustering, disease-specific heterogeneity, and shared heterogeneity (M5: Uk Vk V); shared clustering and shared heterogeneity (M6: U V); disease-specific clustering and shared clustering, disease-specific heterogeneity and shared heterogeneity (M7: Uk U Vk V); shared clustering and disease-specific heterogeneity (M8: U Vk); disease-specific clustering and shared heterogeneity (M9: Uk V).



Let us describe M7, the most complex model (with both specific and shared clustering and heterogeneity terms). Let    O  i P     and    O  i O     denote the observed number of cases in the i-th municipality for pleural and ovarian cancer, respectively. As in the BYM model the likelihoods are   P o i s s o n    E  i P    θ  i P       and   P o i s s o n    E  i O    θ  i O      , and we specified a log-linear model for the relative risks    θ  i P     and    θ  i O    :


  log (  θ  i P   ) =  α p  +  u i  × δ +  u  i P   +  v i  × ω +  v  i P    



(2)






  log    θ  i O     =  α O  +  u i  / δ +  μ  i O   +  v i  / ω +  v  i O    



(3)







The terms    v i    and    u i    represent the shared heterogeneity and clustering components (i.e., latent components not different by diseases), and    v  i P   ,      v  i O   ,      u  i P   ,   and    u  i O    , the unshared ones (i.e., the unique disease-specific random terms).



The unknown parameters  δ  and  ω  are scaling parameters that allow for a different impact of the shared components on each disease. In particular, the effect of a latent shared risk factor—i.e., asbestos exposure, in our example—is allowed to be different on the two diseases. We expect a larger effect on pleural than ovarian cancer, then the tuning parameter should be larger than one—algebraically   δ =  β P  /  β O   , where    β P  ,  β O    are the regression coefficients of the latent shared factor, analogously for ω [19]. They are assumed to be a priori lognormal distributed with zero mean and low precision; in detail, we assigned a N (0, σ2) with σ2 = 0.17. The priors and hyperpriors for the other model terms are the same specified in the BYM model.





2.3. Model Comparison


We evaluated models on two axes: model support (or model fitting) and model robustness (or model influence). Model support is addressed under a Bayesian approach, in terms of predictive accuracy. In brief, we aimed to see how close the predicted number of events are to the observed ones penalized for model complexity. Model robustness is approached by evaluating to which extent the inferences based on a given model differ from those based on the best fitting one. We also aimed to focus on a parsimonious model with easily interpretable model parameters.



We compared the fitting of the different models using the WAIC criterion [20]. WAIC is a measure of predictive accuracy for the set of data points taken one at a time, approximating the expected log pointwise predictive density.



In detail,


  WAIC = − 2 l p p d + 2  p  WAIC    



(4)




where


  l p p d =   ∑  i  log   ∫ p    y i  | θ   p   θ | y   d θ    



(5)




is the log pointwise predictive density and


   p  W A I C   =   ∑  i  V A R   log   p    y i    | ϑ      



(6)




is the variance of log predictive density.



Using posterior draws from the MCMC chains, we computed WAIC as


  W A I C = − 2   ∑   i = 1  n  log    1 K    ∑   k = 1  K  p    y i  |  θ k      + 2  1  K − 1     ∑   k = 1  K      log p    y i  |  θ k    −  1 K    ∑   k = 1  K  log   p    y i  |  θ k         2     



(7)







We assessed model robustness via a local influence measure. We used the calibrated Kullback–Leibler divergence (KL) [21], which assesses how different our inferences would be under plausible alternative models.



This discrepancy can be expressed as the difference in expected utilities between unperturbed and perturbed posteriors (predefining the model for the actual belief). The loss in utility due to the approximation of the predefined model, say M0, with model M* is expressed by the Kullback–Leibler divergence (KL), where the parameter of interest is the logarithm of the relative risk. We derived a Kullback–Leibler measure separately for each i-th observation, then


  K  L i  = ∫ log   p    θ i    Y ,  M 0        p    θ i    Y ,  M *        p    θ i    Y ,  M 0        d  θ i   



(8)




where   p    θ i    Y ,  M 0        is the posterior marginal distribution of the logarithm of relative risk given data and the model. The posterior distributions of    θ i    under M0 and M* can be well approximated by normal distributions with mean m0 and m* and variances    s 0 2    and    s * 2    (the i suffix has been dropped for simplicity). The Kullback–Leibler divergence can then be approximated by


  K L ≈  1 2           m *  −  m 0     2     s  * 1  2    − 1 +    s 0 2     s  * 1  2    − log      s 0 2     s * 2         



(9)







McCulloch (1989) [21] suggested calibrating Kullback–Leibler divergences setting KL = c and finding that value p(c) such that


  K L   B   0.5   , B   p  c      = c  



(10)




where B(p) is the Bernoulli distribution with parameter p, and the value p(c) is the calibrated Kullback–Leibler divergence. Since we had one calibrated KL for each observation, we summarized the information of model influence by the median calibrated KL.



In this work, we traded off models using WAIC vs. median calibrated KL, taking as reference the most supported model, in our case, model 7 (M7) [22,23,24].




2.4. Computational Details


For all the models described, the marginal posterior distributions of the parameters of interest were approximated by Monte Carlo Markov chain (MCMC) methods. We used WinBUGS software [25] to perform the MCMC analyses. For each model, we ran two independent chains; checks for achieved convergence of the algorithm were performed following Gelman and Rubin (1992) [26].





3. Results


The number of deaths for pleural cancer among women in the period 2000–2018 in Lombardy Region (Italy) was 2070, with the following distribution of ICD codes: ICD9: 163 (malignant neoplasm of the pleura)—262 deaths (2000–2002); ICD10: C38.4 (malignant neoplasm of the pleura)—271 deaths; ICD10: C45.0 (mesothelioma of the pleura)—1537 deaths. Across municipalities, SMRs ranged from 0 to 22.14. The expected number of deaths was highly variable, ranging from less than 0.01 to 333.20, reflecting the large variability in population size (maximum: Milan, the regional capital, 1,351,562 inhabitants; minimum: Morterone, 29 inhabitants). The municipality of Broni, in the province of Pavia, showed the second highest SMR equal to 18.3 (observed 51 cases; expected: 2.79). The highest SMR was observed in a very small municipality with 0.05 expected cases.



Regarding ovarian cancer, we retrieved 10,462 deaths, with SMRs ranging from 0 to 19.15. Most of the high SMRs were very unstable, being based on less than five expected cases.



Figure 1A shows the histogram of SMRs of the two diseases, and Figure 1B shows the funnel plot of SMRs vs. expected number of cases with one-sided confidence bands [27].



The five municipalities with one-sided p-values < 0.001 and SMR > 1 for ovarian cancer are listed in Table 1. Notably, three of them also had high SMR of pleural cancer.



3.1. Spatial Pattern of the Two Diseases


In Figure 2, we report the spatial distribution of SMRs (upper panels) and smoothed RRs (lower panels) from the BYM model for pleural cancer (left panels) and ovarian cancer (right panels). The shrinkage effect of Bayesian RRs from the BYM model was evident compared with SMRs. The geographical pattern for pleural cancer was very strong. In addition, well-known asbestos-polluted industrial areas were clearly identified [11,12].



The spatial pattern for ovarian cancer was more smoothed, although some overlapping areas with high pleural cancer risks can be identified, as shown in the smoothed RR map on a relative scale (Figure S1).



Table 2 reports the mean of the posterior distribution of the heterogeneity and clustering hyperparameters (expressed as standard deviations (SD) of uik and vik).



The heterogeneity/clustering odds illustrates that pleural cancer spatial pattern was, as expected, strongly spatially structured; conversely, ovarian cancer showed a more complex pattern with both random components almost equally represented. Note that there were examples of diseases with only heterogeneity component and almost no clustering component; instead, interestingly, ovarian cancer showed a non-negligible clustering term. [28]. This observation motivated the following analysis, in which we explored how much the pleural cancer clustering component was shared with the ovarian cancer clustering component.




3.2. Shared Bayesian Models and Model Comparison


The BYM model is based on a prior belief that the two diseases do not share common risk factors and show their own specific spatial pattern. Therefore, we labelled this model as model 1 (M1).



We considered as an alternative a model with both specific and shared random components, model 7 (M7).



We can specify several other models between these two, dropping shared or specific heterogeneity or clustering components. Each model had its own interpretation. To illustrate this on models M1 and M7, we report in Figure 3 the log-log scatter plot of SMRs and Bayesian RRs for ovarian and pleural cancer, for M1 and M7. Under M1 (panel (A)), no association—even a negative one—was evident between ovarian and pleural cancers. Under M7 (panel (B)), a positive association was evident, as highlighted by the regression lines of the Bayesian RRs of ovarian cancer on the Bayesian RRs of pleural cancer.



However, as shown in Figure 3, SMRs were extremely dispersed. Therefore, it is not easy to find a pattern or to judge model adequacy on a visual inspection of the raw data, and we must rely on more complex model comparison.



Table 3 reports the details of each model, assuming different association structures between ovarian and pleural cancer, and the estimates of WAIC and median calibrated KL, respectively. Figure 4 reports the graph of WAIC vs. median calibrated KL. Remember that M7 (the more complex and best supported model) is taken as reference.



There is no best model in a Bayesian perspective: alternative perspectives must be explored [29]. The most supported model was, as expected, M7. However, M4 appeared to be a good parsimonious alternative with the advantage of better interpretability of the shared spatial pattern between pleural and ovarian cancer mortality.



Under model 4, the shared clustering component U (Figure 5 left panel) highlighted areas with a common risk factor for the two diseases. These areas are well-known areas where asbestos exposure was present [12].



In Figure 6, we report the joint posterior distributions of the shared clustering component    1 δ  × U   and the specific heterogeneity term Vo for three selected municipalities that were very different in terms of risk for pleural and ovarian cancer. To explain the figure, let us start recalling the linear predictor of ovarian cancer of the more complex model M7:


  log    θ  i O     =  α O  + u   /   δ +  u  i O   +  v i    /   ω +  v  i O      



(11)







Now, model 4 is simpler because it dropped the clustering specific term:    u  i O      ⬚   . To show the relative contribution of shared and specific components to the relative risk, we report in Figure 6 the specific heterogeneity term of ovarian cancer    v  i O    —related to specific risk factors—and the shared components    u i    /   δ +  v i    /   ω  —related to shared risk factors with pleural cancer. Moreover, note that the posterior median and credibility intervals of the tuning parameter δ were 0.265; 95%CrI 0.197–0.342, and for ω were 0.659; 95%CrI 0.432–1.036. This means that the relative risk of pleural cancer for asbestos exposure was four times (or 1.5 times) the relative risk of ovarian cancer for the shared clustering component (shared heterogeneity component). Let us consider the green points in Figure 6, which refer to the municipality of Broni, which had a high risk for pleural cancer but not for ovarian cancer. Consistently, the shared clustering component had, on average, positive values. In contrast, on average, the specific heterogeneity term was negative (the values were on the log RR scale, and thus positive values of means RR above the null and negative values RR below the regional mean). The municipality of Calcio (in orange) was characterized by positive values of both components, consistently with a higher relative risk for pleural and ovarian cancers. The shared clustering component of the municipality of Rosate (in blue) was centered around values below zero—consistent with the lower risk of pleural cancer.



Lastly, we checked for residuals by municipality. As expected, Bayesian RRs were shrunk toward the null value, and therefore we found large positive residuals for relatively small municipalities with higher SMRs (Figure 7, points with Pearson’s residuals greater than 2). The municipality of Broni, at the highest risk for pleural cancer, was not an outlier for ovarian cancer, even if the Bayesian RR was 1.23 and the SMR was 0.97—observed cases 13 and 16.5 predicted cases. When fitting models with spatially structured random terms, the posterior estimates were also shrunk toward the local mean, and it was not unexpected that the posterior RRs went in the opposite direction of SMRs.





4. Discussion


Studying the spatial distribution of asbestos-related diseases (ARD) is important to define surveillance programs at the regional or national level [30]. Ovarian cancer is considered one of the diseases related to asbestos exposure since the IARC assessment [3], and it is a matter of debate if it has to be included in epidemiological surveillance of asbestos exposed populations.



Given the high etiological fraction attributable to asbestos exposure, mortality from malignant mesothelioma and asbestosis is commonly used to estimate the health impact of asbestos at the national and global levels [30,31]. Accordingly, the geographical distribution of malignant mesothelioma (MM) can be used as a proxy of past asbestos exposure [32,33,34].



Some recent papers in the literature investigated the spatial co-occurrence of ovarian cancer and MM [10]. There is some dispute about potential misclassification between peritoneal mesotheliomas and ovarian cancer [35]. We think that this problem is a minor one in the case of ovarian cancer. In particular, since ovarian cancer is about 100 times more frequent than peritoneal mesothelioma (in the present study, 10,480 and 100 cases, respectively), a misdiagnosis of even a small fraction of ovarian cancers could spuriously increase the frequency of peritoneal cancers. Conversely, even a misclassification of a large fraction of peritoneal mesothelioma would have a negligible impact on ovarian cancer rate. In any case, we preferred to avoid this problem by analyzing pleural cancer and not all mesotheliomas. The Supplementary Materials report the analysis on MM (all sites, 2439 deaths) and ovarian cancer. Results were quite similar. The potential misclassification of ovarian cancer as peritoneal MM might explain to the slightly higher correlation between the two diseases.



However, mortality from all pleural cancers can still be subject to misclassification, and, when the purpose is the estimation of the etiologic fraction, the number of cases attributable to asbestos exposure may be overestimated [36].



The Bayesian models we specified can be considered bivariate (two-disease) models, the main objective being to evaluate the presence of shared factors in the occurrence of the two diseases. We interpreted the shared factors as proxies of the prevalence of asbestos exposure. This approach can also be viewed as a regression model with an explanatory variable measured with error (in our case, pleural cancer as a proxy of asbestos exposure). For a detailed discussion of the interpretation of shared components, see Knorr-Held Best (2000) [19].



The correlation between two risk maps is difficult to assess, and the use of the correlation coefficient can be misleading [15]. Spatially structured underlying factors may produce spurious correlations. Moreover, the ecological fallacy is inherent in any analysis of aggregate data. Our approach made a step forward because we based the analysis on small geographical units, and we specified spatially structured and unstructured random terms to adjust for hidden confounders. Conditional on these disease-specific random terms, we specified shared random terms, which are interpretable as shared risk factors between the two diseases. Several models can be specified, and model comparison is important in our paper. According to the recent Bayesian literature, model adequacy is evaluated using a measure of predictive accuracy. The idea is to evaluate how well a model predicts future data, and we used the WAIC statistics for this purpose—penalizing for model complexity. WAIC has been widely used in disease mapping [37,38,39].



In our application, the empirical data are noisy and difficult to summarize: as exemplified in Figure 3, two different models provided contrasting results on the correlation between the two diseases. The observed data did not help prima vista. Filtering random noise and isolating systematic patterns is not trivial, and it is not easy to decide which model should be preferred and how to report uncertainty. We chose to address model uncertainty evaluating how different would be our inferences under plausible alternative models. We used the Kullback–Leibler (KL) divergence between each alternative model and the best fitting one (the more complex model 7). If our results were not robust, then we would have found some alternative models with close goodness of fit (WAIC) but large KL divergence, representing almost equally supported alternative views. As shown in Figure 3, model M1 yielded negative associations between ovarian and pleural cancer, while positive associations were found under model M7. There was a large discrepancy between results from these two models, as measured by the KL divergence. If in case of similar goodness of fit, our inference would not be robust and the course of action would be clear but dull—i.e., it would be necessary to report the two different points of view. Luckily, model M1 showed substantially worse support than model M7. As shown in Figure 4, there was evidence of model robustness, and some plausible alternative models with similar WAIC to model 7 provided the same picture with small KL divergence. Indeed, to simplify the interpretation of the results, we focused on the more parsimonious model 4 [22]. The interpretation here was simpler because model 4 included only one clustering term, the shared component between the two diseases. These shared components can be easily interpreted as the underlying prevalence of asbestos exposure corresponding to the spatial pattern of pleural cancer (see Figure 5).



A further justification for a parsimonious model is that it is difficult to disentangle the contribution of each random term in a Bayesian spatial random effect model. For example, regarding the M1 BYM model, it is not recommended to report the contribution of the clustering and heterogeneity components separately [18]. In general, there is an identifiability issue and Bayesian models are overparametrized [40]. As an example of such difficulties, we can show for the municipality of Milan, the capital city, that there was a strong collinearity between the specific and shared heterogeneity terms in model 4, and that therefore it is impossible to separate the contribution of these two terms. The shared clustering term for Milan was consistently estimated with value close to zero—the SMR for ovarian cancer and pleural cancer were, respectively, 1.01 and 0.96, as shown in Figure 8. The shared clustering model M4 provide stable estimates of the shared clustering terms due to the information from the two diseases (see Figure 5).



However, beyond identifiability, there is also model uncertainty to be discussed. A map of calibrated KL by municipalities for model 4 (Supplementary Material) showed lower robustness in the Broni area. The behavior of the different models was clearly shown when looking at the three different municipalities of Calcio, Rosate, and Broni, two with strong documented asbestos exposure (Calcio and Broni) and two with high background risk of ovarian cancer (Calcio and Rosate).



For the municipalities of Calcio and Rosate, the shared and specific terms were clearly identified and showed the different contributions of risk factors, without inconsistencies among different models (Figure 6).



For the municipality of Broni, the SMR for pleural cancer was the second highest, while for ovarian cancer was 0.97, slightly below the regional average (13 observed cases, 13.37 expected). Model 4 predicted a risk of ovarian cancer above the regional average (RR 1.23, 95% CrI 1.01; 1.49). The predicted observed cases by model M4 were 16.52 with a Pearson’s residual that was not extreme (i.e., between −2 and 2) (Figure 7). Conversely, the estimates were 0.93 (95% CrI 0.80; 1.06) under the less supported model 1 and 1.06 (95% CrI 0.80; 1.37) under the best supported model 7. Credibility intervals of model M4 and model M7 were almost two times wider than of model M1. For pleural cancer in Broni, we did not find any difference among the different models because of pleural cancer’s strong spatially structured pattern. In this case, the reader should be cautious in making an inference on the risk of ovarian cancer in Broni, and look carefully at sensitivity analysis.



In summary, analyses suggest that the ovarian cancer risk in Broni is a combination of low prevalence of risk factors for ovarian cancer and high prevalence of asbestos exposure.




5. Conclusions


We found evidence of a shared risk factor between ovarian and pleural cancer mortality at small geographical level. The impact of the shared risk factors on of ovarian cancer rates at the population level can be relevant. In areas where the prevalence of other risk factors for ovarian cancer is low, the risk of ovarian cancer tends to be low, even if there is a substantial asbestos exposure. The reason is that asbestos attributable fraction for ovarian cancer is low and population prevalence of asbestos exposure among women is not high.



This is true on average, but it can be very different in specific areas where the prevalence of asbestos exposure was very high. Therefore, the burden of ovarian cancer due to asbestos exposure can go unnoticed in small areas at low background risk of ovarian cancer. The well-documented high MM rate in Broni (among the highest in Italy) provides an example of such difficulties. Bayesian modelling provides useful information to tailor epidemiological surveillance. Bayesian modelling is sensitive, allows incorporation of previous knowledge, and provides adequate treatment of uncertainty and model robustness.








Supplementary Materials


The following are available online at https://www.mdpi.com/article/10.3390/ijerph19063467/s1, Table S1: Mean of the posterior distribution of the heterogeneity and clustering hyperparameters and the heterogeneity/clustering ratio; Table S2: WAIC and median calibrated Kullback–Leibler divergence (calibrated KL) for all the fitted models. Figure S1. Spatial choropleth map of Bayesian smoothed standardized mortality ratios (SMR) for ovarian cancer. Lombardy Region, 2000–2018. Relative scale (sextiles). Figure S2: Maps of calibrated KL by municipalities for model 4 for pleural cancer (left panel) and ovarian cancer (right panel). Figure S3. Spatial choropleth map of raw (upper panels) and Bayesian smoothed (lower panels) standardized mortality rates of malignant mesothelioma (left panels) and ovarian cancer (right panels). Lombardy Region, 2000–2018. Absolute scale. Figure S4. Scatter plot of Calibrated Kullback–Leibler divergence (KL) vs. predictive accuracy measured by the widely applicable or Watanabe–Akaike information criterion (WAIC) for each fitted Bayesian model. Calibrated KL was calculated with regard to model 7—the more complex and best-fitting model. Ovarian cancer and MM by municipality. Lombardy Region, 2000–2018. Figure S5. Maps of shared clustering terms (U) between MM and ovarian cancer from model 4 (M4) (left panel) and Posterior Probability of Direction of Effect—Prob (U > 0) (right panel). Lombardy Region, 2000–2018.





Author Contributions


Conceptualization, C.M., D.C. (Dario Consonni), A.B. and D.C. (Dolores Catelan); methodology, A.B. and D.C. (Dolores Catelan); software, G.S., A.B. and D.C. (Dolores Catelan); validation, G.S., A.B. and D.C. (Dolores Catelan); formal analysis, G.S., A.B. and D.C. (Dolores Catelan); investigation, G.S., A.B. and D.C.; resources, G.M., L.F. and V.M.; data curation, G.M., V.M. and D.C. (Dario Consonni); writing—original draft preparation, D.C. (Dolores Catelan) and G.S.; writing—review and editing, all authors; visualization, G.S., A.B. and D.C. (Dolores Catelan); supervision, A.B. and D.C. (Dolores Catelan); project administration, C.M. and L.F.; funding acquisition, C.M. and D.C. (Dario Consonni). All authors have read and agreed to the published version of the manuscript.




Funding


This work was partially supported by: Istituto Nazionale per l’Assicurazione contro gli Infortuni sul Lavoro (INAIL), Rome, Italy: BRiC 55/2019.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Data were provided by the Italian National Institute of Statistic (ISTAT) and cannot be made available by the authors.




Conflicts of Interest


C.M. and D.C. (Dario Consonni) served as consultants for the court in litigations concerning asbestos-related diseases.




References


	



Momenimovahed, Z.; Tiznobaik, A.; Taheri, S.; Salehiniya, H. Ovarian cancer in the world: Epidemiology and risk factors. Int. J. Womens Health 2019, 11, 287–299. [Google Scholar] [CrossRef] [PubMed]

	



AIOM: I Numeri del Cancro. Available online: https://www.aiom.it/wp-content/uploads/2020/10/2020_Numeri_Cancro-operatori_web.pdf (accessed on 24 January 2022).

	



Straif, K.; Benbrahim-Tallaa, L.; Baan, R.; Grosse, Y.; Secretan, B.; El Ghissassi, F.; Bouvard, V.; Guha, N.; Freeman, C.; Galichet, L.; et al. A review of human carcinogens—Part C: Metals, arsenic, dusts, and fibres. Lancet Oncol. 2009, 10, 453–454. [Google Scholar] [CrossRef]

	



Terry, K.L.; Karageorgi, S.; Shvetsov, Y.B.; Merritt, M.A.; Lurie, G.; Thompson, P.J.; Carney, M.E.; Weber, R.P.; Akushevich, L.; Lo-Ciganic, W.-H.; et al. Genital powder use and risk of ovarian cancer: A pooled analysis of 8,525 cases and 9,859 controls. Cancer Prev. Res. Phila. Pa 2013, 6, 811–821. [Google Scholar] [CrossRef] [PubMed]

	



Tran, T.H.; Steffen, J.E.; Clancy, K.M.; Bird, T.; Egilman, D.S. Talc, Asbestos, and Epidemiology: Corporate Influence and Scientific Incognizance. Epidemiol. Camb. Mass 2019, 30, 783–788. [Google Scholar] [CrossRef]

	



Luberto, F.; Ferrante, D.; Silvestri, S.; Angelini, A.; Cuccaro, F.; Nannavecchia, A.M.; Oddone, E.; Vicentini, M.; Barone-Adesi, F.; Cena, T.; et al. Cumulative asbestos exposure and mortality from asbestos related diseases in a pooled analysis of 21 asbestos cement cohorts in Italy. Environ. Health 2019, 18, 71. [Google Scholar] [CrossRef]

	



Pira, E.; Romano, C.; Violante, F.S.; Farioli, A.; Spatari, G.; La Vecchia, C.; Boffetta, P. Updated mortality study of a cohort of asbestos textile workers. Cancer Med. 2016, 5, 2623–2628. [Google Scholar] [CrossRef]

	



Ferrante, D.; Bertolotti, M.; Todesco, A.; Mirabelli, D.; Terracini, B.; Magnani, C. Cancer Mortality and Incidence of Mesothelioma in a Cohort of Wives of Asbestos Workers in Casale Monferrato, Italy. Environ. Health Perspect. 2007, 115, 1401–1405. [Google Scholar] [CrossRef]

	



Nowak, D.; Schmalfeldt, B.; Tannapfel, A.; Mahner, S. Asbestos Exposure and Ovarian Cancer—A Gynaecological Occupational Disease. Background, Mandatory Notification, Practical Approach. Geburtshilfe Frauenheilkd. 2021, 81, 555–561. [Google Scholar] [CrossRef]

	



Henley, S.J.; Peipins, L.A.; Hee Rim, S.; Larson, T.C.; Miller, J.W. Geographic co-occurrence of mesothelioma and ovarian cancer incidence. J. Womens Health 2020, 29, 111–118. [Google Scholar] [CrossRef]

	



Mensi, C.; Matteis, S.D.; Catelan, D.; Dallari, B.; Riboldi, L.; Pesatori, A.C.; Consonni, D. Geographical patterns of mesothelioma incidence and asbestos exposure in Lombardy, Italy. Med. Lav. 2016, 107, 340–355. [Google Scholar]

	



Catelan, D.; Consonni, D.; Biggeri, A.; Dallari, B.; Pesatori, A.C.; Riboldi, L.; Mensi, C. Estimate of environmental and occupational components in the spatial distribution of malignant mesothelioma incidence in Lombardy (Italy). Environ. Res. 2020, 188, 109691. [Google Scholar] [CrossRef]

	



Held, L.; Natário, I.; Fenton, S.E.; Rue, H.; Becker, N. Towards joint disease mapping. Stat. Methods Med. Res. 2005, 14, 61–82. [Google Scholar] [CrossRef] [PubMed]

	



Breslow, N.E.; Day, N.E. Indirect standardization and multiplicative models for rates, with reference to the age adjustment of cancer incidence and relative frequency data. J. Chronic Dis. 1975, 28, 289–303. [Google Scholar] [CrossRef]

	



Clifford, P.; Richardson, S.; Hémon, D. Assessing the Significance of the Correlation between Two Spatial Processes. Biometrics 1989, 45, 123–134. [Google Scholar] [CrossRef] [PubMed]

	



Besag, J.; York, J.; Molliè, A. Bayesian image restoration, with two applications in spatial statistics. Ann. Inst. Stat. Math. 1991, 43, 1–20. [Google Scholar] [CrossRef]

	



Clayton, D.; Kaldor, J. Empirical Bayes Estimates of Age-Standardized Relative Risks for Use in Disease Mapping. Biometrics 1987, 43, 671–681. [Google Scholar] [CrossRef] [PubMed]

	



Kelsall, J.E.; Wakefield, J.C. Bayesian Statistics. In Bayesian Models for Spatially Correlated Disease and Exposure Data; Oxford University Press: Oxford, UK, 1999. [Google Scholar]

	



Knorr-Held, L.; Best, N.G. A Shared Component Model for Detecting Joint and Selective Clustering of Two Diseases. J. R. Stat. Soc. Ser. A Stat. Soc. 2001, 164, 73–85. [Google Scholar] [CrossRef]

	



Watanabe, S. Asymptotic Equivalence of Bayes Cross Validation and Widely Applicable Information Criterion in Singular Learning Theory. Mach. Learn. Res. 2010, 11, 3571–3594. [Google Scholar]

	



McCulloch, R.E. Local Model Influence. J. Am. Stat. Assoc. 1989, 84, 473–478. [Google Scholar] [CrossRef]

	



Spiegelhalter, D.J.; Marshall, E.C. Strategies for inference robustness in focused modelling. J. Appl. Stat. 2006, 33, 217–232. [Google Scholar] [CrossRef]

	



Lagazio, C.; Biggeri, A.; Dreassi, E. Age-period-cohort models and disease mapping. Environmetrics 2003, 14, 475–490. [Google Scholar] [CrossRef]

	



Biggeri, A.; Catelan, D.; Dreassi, E. The epidemic of lung cancer in Tuscany (Italy): A joint analysis of male and female mortality by birth cohort. Spat. Spatio.-Temporal Epidemiol. 2009, 1, 31–40. [Google Scholar] [CrossRef] [PubMed]

	



Lunn, D.J.; Thomas, A.; Best, N.; Spiegelhalter, D. WinBUGS—A Bayesian modelling framework: Concepts, structure, and extensibility. Stat. Comput. 2000, 10, 325–337. [Google Scholar] [CrossRef]

	



Gelman, A.; Rubin, D.B. Inference from Iterative Simulation Using Multiple Sequences. Stat. Sci. 1992, 7, 457–472. [Google Scholar] [CrossRef]

	



Spiegelhalter, D.J. Funnel Plots for Comparing Institutional Performance. Stat. Med. 2005, 24, 1185–1202. [Google Scholar] [CrossRef]

	



Biggeri, A.; Marchi, M.; Lagazio, C.; Martuzzi, M.; Böhning, D. Non-parametric maximum likelihood estimators for disease mapping. Stat. Med. 2000, 19, 2539–2554. [Google Scholar] [CrossRef]

	



McCullagh, P.; Nelder, J.A. Generalized Linear Models, 2nd ed.; Chapman & Hall: Boca Raton, FL, USA, 1989; ISBN 978-0-412-31760-6. [Google Scholar]

	



Arachi, D.; Furuya, S.; David, A.; Mangwiro, A.; Chimed-Ochir, O.; Lee, K.; Tighe, P.; Takala, J.; Driscoll, T.; Takahashi, K. Development of the “National Asbestos Profile” to Eliminate Asbestos-Related Diseases in 195 Countries. Int. J. Environ. Res. Public. Health 2021, 18, 1804. [Google Scholar] [CrossRef]

	



Odgerel, C.-O.; Takahashi, K.; Sorahan, T.; Driscoll, T.; Fitzmaurice, C.; Yoko-o, M.; Sawanyawisuth, K.; Furuya, S.; Tanaka, F.; Horie, S.; et al. Estimation of the Global Burden of Mesothelioma Deaths from Incomplete National Mortality Data. Occup. Environ. Med. 2017, 74, 851–858. [Google Scholar] [CrossRef]

	



Delgermaa, V.; Takahashi, K.; Park, E.-K.; Le, G.V.; Hara, T.; Sorahan, T. Global Mesothelioma Deaths Reported to the World Health Organization between 1994 and 2008. Bull. World Health Organ. 2011, 89, 716–724C. [Google Scholar] [CrossRef]

	



Fazzo, L.; Minelli, G.; De Santis, M.; Bruno, C.; Zona, A.; Conti, S.; Comba, P. Epidemiological Surveillance of Mesothelioma Mortality in Italy. Cancer Epidemiol. 2018, 55, 184–191. [Google Scholar] [CrossRef]

	



Fazzo, L.; Minelli, G.; De Santis, M.; Bruno, C.; Zona, A.; Marinaccio, A.; Conti, S.; Pirastu, R.; Comba, P. Mesothelioma Mortality Surveillance and Asbestos Exposure Tracking in Italy. Ann. Ist. Super. Sanita. 2012, 48, 300–310. [Google Scholar] [CrossRef] [PubMed]

	



Conti, S.; Minelli, G.; Ascoli, V.; Marinaccio, A.; Bonafede, M.; Manno, V.; Crialesi, R.; Straif, K. Peritoneal Mesothelioma in Italy: Trends and Geography of Mortality and Incidence. Am. J. Ind. Med. 2015, 58, 1050–1058. [Google Scholar] [CrossRef] [PubMed]

	



Fazzo, L.; De Santis, M.; Minelli, G.; Bruno, C.; Zona, A.; Marinaccio, A.; Conti, S.; Comba, P. Pleural mesothelioma mortality and asbestos exposure mapping in Italy. Am. J. Ind. Med. 2012, 55, 11–24. [Google Scholar] [CrossRef] [PubMed]

	



Lawson, A.; Carroll, R.; Faes, C.; Kirby, R.; Aregay, M.; Watjou, K. Spatiotemporal Multivariate Mixture Models for Bayesian Model Selection in Disease Mapping. Environmetrics 2017, 28, e2465. [Google Scholar] [CrossRef] [PubMed]

	



Spiegelhalter, D.J.; Best, N.G.; Carlin, B.P.; Linde, A.V.D. Bayesian Measures of Model Complexity and Fit. J. R. Stat. Soc. Ser. B Stat. Methodol. 2002, 64, 583–639. [Google Scholar] [CrossRef]

	



Vehtari, A.; Gelman, A.; Gabry, J. Practical Bayesian Model Evaluation Using Leave-One-out Cross-Validation and WAIC. Stat. Comput. 2017, 27, 1413–1432. [Google Scholar] [CrossRef]

	



Eberly, L.E.; Carlin, B.P. Identifiability and Convergence Issues for Markov Chain Monte Carlo Fitting of Spatial Models. Stat. Med. 2000, 19, 2279–2294. [Google Scholar] [CrossRef]








[image: Ijerph 19 03467 g001 550] 





Figure 1. (A) Histogram of standardized mortality ratios (SMR) by municipality (pleural cancer (light-blue) and ovarian cancer (pink)). Lombardy Region, 2000–2018. (B) Funnel plot of SMR for pleural cancer (grey) and ovarian cancer (pink) by municipality vs. expected number of cases (log scale). One-sided confidence bands 0.99 (dotted line); 0.999 (dashed line); 0.9999 (solid line). 
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Figure 2. Spatial choropleth map of raw (SMR pleural cancer (A); RR ovarian cancer (B)) and Bayesian smoothed (RR pleural cancer (C); RR ovarian cancer (D)) standardized mortality ratios of pleural cancer and ovarian cancer. Lombardy Region, 2000–2018. Absolute scale. 
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Figure 3. Log–log scatter plot of raw (red dots) and Bayesian smoothed standardized mortality ratios (SMR) (khaki dots) for ovarian cancer (y-axis) and pleural cancer (x-axis). (A) Estimates from M1; (B) estimates from M7 (see text). Linear regression lines fitted on Bayesian smoothed rates. Lombardy Region, 2000–2018. Absolute scale. 
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Figure 4. Scatter plot of median calibrated Kullback–Leibler divergence (calibrated KL) vs. predictive accuracy measured by the widely applicable or Watanabe–Akaike information criterion (WAIC) for each fitted Bayesian model. Calibrated KL was calculated with regard to model 7—the more complex and best-supported model. Ovarian cancer and pleural cancer mortality by municipality. Lombardy Region, 2000–2018. 
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Figure 5. Maps of shared clustering terms (U) between pleural cancer and ovarian cancer from model 4 (M4) (A) and Posterior Probability of Direction of Effect—Prob (U > 0) (B). Lombardy Region, 2000–2018. 
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Figure 6. Scatter plot of the specific heterogeneity terms vs. shared components (   1 δ  × U +  1 ω  × V  ) of ovarian cancer from model 4 (M4) in four municipalities. Lombardy Region, 2000–2018. Blue: Rosate; orange: Calcio; green: Broni. Fifty thousand draws from the joint posterior distribution. 
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Figure 7. Scatter plot of Pearson’s residuals vs. population size (expressed as expected number of cases based on internal indirect standardization) by the municipality. Ovarian cancer. Lombardy Region, 2000–2018. Broni municipality shown in red. 
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Figure 8. Scatter plot of the shared clustering and specific heterogeneity terms vs. shared heterogeneity term of ovarian cancer from model 4 (M4) for the municipality of Milan. Lombardy Region, 2000–2018 (light blue: shared clustering; khaki: specific heterogeneity). Fifty thousand draws from the joint posterior distribution. 
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Table 1. Observed and expected deaths, and standardized mortality ratios (SMR) for ovarian cancer and pleural cancer. Municipalities with SMR for ovarian cancer above the regional average (p < 0.001). Lombardy Region, 2000–2018.
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Municipality

	
Ovarian Cancer

	
Pleural Cancer




	

	
Observed

	
Expected

	
SMR

	
Observed

	
Expected

	
SMR




	
Deaths

	
Deaths

	
Deaths

	
Deaths






	
Rosate

	
13

	
4.96

	
2.62

	
0

	
0.94

	
0




	
Bovegno

	
9

	
2.51

	
3.58

	
<3

	
0.50

	
3.97




	
Capriate SG

	
19

	
8.37

	
2.27

	
<3

	
1.66

	
1.2




	
Pedrengo

	
13

	
4.35

	
2.99

	
3

	
0.79

	
3.81




	
Calcio

	
14

	
4.87

	
2.87

	
8

	
0.94

	
8.52
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Table 2. Mean of the posterior distribution of the heterogeneity and clustering hyperparameters and the heterogeneity/clustering ratio.
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	Disease
	Clustering SD
	Heterogeneity SD
	Odds

Heterogeneity: Clustering





	Pleural cancer
	0.6267
	0.1207
	1:5.2



	Ovarian cancer
	0.08213
	0.0567
	1:1.4
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Table 3. WAIC and median calibrated Kullback–Leibler divergence (Calibrated KL) for all the fitted models.
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	Model
	Description
	WAIC
	Calibrated KL





	M7
	Uk U Vk V
	5116.985
	0.500



	M5
	Uk Vk V
	5122.904
	0.531



	M2
	Uk U Vk
	5129.669
	0.548



	M3
	Uk U V
	5146.176
	0.564



	M4
	U Vk V
	5143.311
	0.571



	M9
	Uk V
	5152.181
	0.669



	M1
	Uk Vk
	5167.727
	0.680



	M6
	U V
	5186.008
	0.739



	M8
	U Vk
	5197.524
	0.772
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