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General discussion

Chapter 8



in the analyses was based on evidence from the literature, availability of predictors in the 
studies and experience from clinical practice. PredictCBC models provided a moderate 
CBC prediction accuracy in terms of discrimination and calibration. These results were 
in line with other prediction tools currently available for first primary breast cancer 
and, generally speaking, in the oncology field13. Clinical decision making about CPM 
may be improved using PredictCBC models compared to current clinical practice in the 
Netherlands, which is mostly based on carriership of germline mutations in the BRCA1/2 
genes. We showed an overlap in the magnitude of CBC risk between BRCA1/2 mutation 
carriers and non-BRCA1/2 carriers. In fact, CPM might not be the preferred choice even 
in some patients with a BRCA1/2 germline mutation when other characteristics are highly 
favorable. On the other hand, some additional preventive strategies might be considered 
among non-BRCA1/2 carriers with unfavorable characteristics. We conclude that clinical 
decision making about preventive strategies should not only be based on a germline 
mutation in BRCA1/2 genes or a bilateral breast cancer family history, but the multifactorial 
context should be considered using, for example, PredictCBC models. However, although 
PredictCBC models may more objectively estimate CBC risk, the decision making strongly 
depends on what patients and physicians consider an acceptable risk according to the 
guidelines and on patients’ personal preferences.

Previously, two other tools were proposed to predict CBC: the Manchester formula and 
CBCrisk14,15. The former is a heuristic formula based on a literature review, while the 
latter is a CBC risk prediction model that was developed and validated in the United 
States around the same time we developed and validated the PredictCBC models15,16. 
Therefore, we decided to investigate the prediction accuracy of these two tools in 
comparison with PredictCBC models using the large population- and hospital-based 
studies we used to develop PredictCBC models (Chapter 3). We found that all three 
CBC tools provided only moderate prediction accuracy. We also found considerable 
heterogeneity among studies17. 

Other breast cancer risk genes, beyond BRCA1/2, have also been shown to be associated 
with CBC risk10,18-21. Can some of these additional genetic markers improve CBC risk 
prediction and clinical decision making? In chapter 4, we updated the PredictCBC 
models to PredictCBC-2.0 models. We incorporated data on a specific rare mutation in 
the CHEK2 gene (c.1100delC), a polygenic risk score (PRS) combining 313 common genetic 
variants associated with breast cancer, and the previously shown relevant factors body 
mass index and parity10,12,22. We showed that the overall CBC prediction accuracy did not 
substantially increase between PredictCBC and PredictCBC-2.0 models. On the other 
hand, we demonstrated that the PredictCBC-2.0 model including CHEK2 c.1100delC 
and PRS had higher net benefit compared to the previous PredictCBC models. In 
other words, clinical decision making might additionally improve and be better tailored 

DISCUSSION

The aim of this thesis was to develop and validate a risk prediction model of contralateral 
breast cancer (CBC) for women with a first invasive breast cancer and to provide 
guidelines about performance assessment of risk prediction models with time-to-event 
outcomes. Large international population-based and hospital-based studies were 
analyzed to build the CBC prediction models, called PredictCBC models. In addition, the 
risk of CBC in women diagnosed with ductal carcinoma in situ (DCIS) was investigated. In 
this chapter, we will discuss the main findings and interpret them in a broader context 
with particular attention to the potential practical implications in clinical decision making. 
The methodological challenges of developing and validating a risk prediction model for 
time-to-event outcomes with and without competing risks are discussed in the CBC risk 
prediction context, and, more generally, using examples in the context of breast cancer 
recurrence and survival. Finally, future perspectives of research into prediction of CBC 
are also given. Future potential research directions in medical statistics are suggested 
based on methodological gaps that became apparent when analyzing real world breast 
cancer data. 

Main findings and potential clinical implications 
Risk factors and risk prediction of CBC in patients with first invasive breast cancer
Accurate CBC risk predictions are essential in clinical decision making regarding 
contralateral preventive mastectomies (CPMs) or other preventive strategies as 
personalized treatments and individualized surveillance. A number of patient-, first 
primary breast cancer-, and treatment characteristics have been suggested to be 
associated with CBC in several studies in the last 30 years1-4. In particular, patients’ 
characteristics such as age at first breast cancer diagnosis, family history of breast 
cancer, hereditary mutations in the BRCA1, BRCA2 and CHEK2 (particularly the c.1100delC 
mutation) genes, as well as specific first primary breast cancer characteristics, i.e., 
tumor size, lymph node status and breast cancer histology, and (neo)adjuvant systemic 
therapies5-11. Furthermore, less attention has been given to study the association 
between CBC and lifestyle and reproductive factors. Currently, only a few factors such 
as body mass index (BMI) and parity (i.e., the number of births preceding first primary 
breast cancer diagnosis) have been suggested to be associated with CBC12. Could these 
characteristics (in statistical glossary labeled as predictors or covariates) be used to 
provide accurate CBC risk predictions and therewith support clinical decision making 
towards the choice of preventive strategies? 

To answer this question, we developed and validated CBC risk prediction models 
(PredictCBC) using large population- and hospital-based studies mostly based in Europe, 
the United States and Australia with long follow-up (Chapter 2). The choice of the predictors 
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invasive breast cancer diagnosis (chapter 2, 3 and 4). For this purpose, several time-
dependent discrimination and calibration performance measures were proposed in the 
literature27,28. In chapter 6 and 7, we briefly provided an overview of the measures 
currently available in the literature. Secondly, we suggested to prioritize some of the 
available measures to evaluate discrimination, calibration and clinical utility of survival 
and competing risk models according to the literature and software availability. We 
aimed to guide practitioners and researchers interested in prediction models providing 
data and the software code. In chapter 6 we provided both R and SAS code to develop 
and validate a survival risk prediction model using two free available data sets: the 
German Breast Cancer Study Group and the Rotterdam breast cancer dataset29,30. In 
chapter 7, we used a random sample of 1,000 patients from the Female breast cancer 
in the elderly; Optimizing Clinical guidelines USing clinico-pathological & molecular 
Study (FOCUS) and from NCR data to develop and validate a risk prediction model of 
breast cancer recurrence in the presence of competing risk due to mortality31. Both 
R and SAS codes are freely available in GitHub repositories created and maintained 
by the author (https://github.com/danielegiardiello/Prediction_performance_survival 
and https://github.com/survival-lumc/ValidationCompRisks) to facilitate the connection 
between methodological developments and software availability.

Strengths and limitations of the data used
One of the most important strengths of the studies presented in this thesis is the 
use of large hospital- and population-based studies with follow-up information of all 
women diagnosed with invasive breast cancer between 1990 and 2017. Most of the 
studies were from the Netherlands: the Netherlands Cancer Registry (NCR) has good 
quality information about patients, first primary breast cancer characteristics, and 
treatments32. We were fortunate to include other studies from the Netherlands such 
as Amsterdam Breast Cancer Study (ABCS), Breast Cancer Outcome Study of Mutation 
carriers (BOSOM), Erasmus Medical Center (EMC) study, and Hereditary Breast and 
Ovarian cancer study (HEBON)33,34. Their contribution was essential to incorporate key 
information about germline mutations in the BRCA1/2 genes and on the performance 
of CPM. Last but not least, we incorporated data from the Breast Cancer Association 
Consortium (BCAC) including studies from other European countries, the United States 
and Australia. Using BCAC, we included other potentially important information, i.e., the 
specific rare mutation in the CHEK2 gene (c.1100delC) and the PRS which was developed 
using BCAC data in a previous study35,36. The studies included in this thesis, after 
combining and harmonizing different sources of data, comprised more than 100,000 
women diagnosed with invasive breast cancer or DCIS.

One of the most challenging parts of using different studies was missing data. In 
chapter 2, 3 and 4, the NCR represented more than 60% of all data to develop and 

incorporating common and specific rare genetic variants associated with CBC, especially 
among patients with BRCA1/2 germline mutations and non-BRCA1/2 carriers. 

CBC risk in patients diagnosed with ductal carcinoma in situ
One of the most active research lines among physicians studying ductal carcinoma in 
situ (DCIS, a potential precursor of cancer) is whether a patient diagnosed with DCIS may 
develop a subsequent ipsilateral invasive breast cancer in the future23. However, it may 
be equally important to estimate the risk to develop a CBC in patients diagnosed with 
DCIS. In that light, the comparison of this risk to that of patients diagnosed with a first 
invasive breast cancer is relevant to help understand the magnitude of risk, the etiology, 
and treatment strategies. We showed that the CBC risk is slightly higher in patients 
with DCIS compared to invasive breast cancer patients using a large population-based 
dataset from 1989 to 2017 of the Dutch Cancer Registry, covering all breast cancer 
patients diagnosed in the Netherlands (Chapter 5). Around five out of 100 patients 
with DCIS may develop a CBC compared to around four patients with invasive breast 
cancer within 10 years. We illustrated that this slightly higher CBC risk in DCIS patients 
might be largely explained by the fact that adjuvant systemic therapies are not currently 
considered in DCIS patients according to the current Dutch guidelines. This does 
not imply that physicians should start treating DCIS patients with adjuvant systemic 
therapy since CBC risk is low and side effects of adjuvant systemic therapies have been 
demonstrated24,25. However, especially in the United States, more DCIS patients ask 
to undergo a CPM as a consequence of CBC risk overestimation25. We concluded that 
accurate prediction may be also needed for DCIS patients to facilitate decision making 
about additional treatments or CPM (Chapter 5). 

Assessing the performance of survival and competing risks prediction models
In chapter 6 and 7, we propose frameworks for performance evaluation of predictions 
and for clinical utility of survival and competing risks models to provide guidance in 
the context of the STRATOS (STRengthening Analytical Thinking for Observational 
Studies) international initiative26. The objective of STRATOS is to provide accessible and 
guidance in the design and analysis of observational studies, since the quality of parts 
of biomedical research urgently needs improvement 26. The members of the STRATOS 
initiative are experienced statisticians with different expertise in different topic groups 
(TG) (https://www.stratos-initiative.org/groups). Two topic groups (TG6 and TG8) involve 
statisticians with expertise in prediction models and survival analysis, respectively. In 
collaboration with the members of these two TGs, we provide guidance for different 
traditional and novel measures that may be used to assess the performance of 
prediction for survival and competing risk models. Typically, specific time points 
(also defined time horizons) are chosen as relevant by physicians. For example, 
physicians may be interested in predicting CBC risk at 5 and 10 years since the first 
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Table 1: summary of missing data definitions and proposed solutions
Missing data 
mechanism Definition Example Suggested 

solution

Missing  
completely 
 at random

No systematic  
differences between 

 the missing and  
observed values

Missing values on  
a certain predictor occur 

randomly in the data

Complete case 
analysis*

Missing  
at random

Missing values 
 can be explained  

by differences  
in observed data

Patients with missing values of 
BRCA1/2 tend to be older and 
with less aggressive tumors.

Multiple  
imputation

Missing 
not  

at random

Differences between missing 
and observed values  
may be still present  

after considering  
observed data 

Patients with missing BMI may 
tend to have too high or too 

low self-reported BMI.

Multiple 
 imputation and  

sensitivity  
analyses

* multiple imputation may be preferred especially when the amount of missing values is high.

In the context of individual data from multiple studies, missing values may be also 
systematic. Systematic missing data occurs when a predictor is completely unavailable 
in one or more studies. For example, genetic information is systematically missing in 
registry-based data as NCR. In this case, missing data can be considered at random since 
the missing can be fully explained by the fact that some studies simply did not collect 
this information. A potential solution for systematic missing values is to use the variable 
identifying the study as covariate to improve substantially the imputation models. More 
sophisticated multiple imputation approaches were proposed in the literature using, for 
example, mixed-effects imputation models to better consider heterogeneity between 
studies and the hierarchical nature of data40-42. Less is known about how to include 
competing risks in multiple imputation when individual data from multiple studies are 
available and in presence of systematic missing values43,44.

Between-study heterogeneity should be also adequately considered both in the 
analysis, development and in validation of a risk prediction model using multiple studies. 
The heterogeneity may refer to different baseline risk for different studies, different 
distribution of the predictors among studies and/or different methods to measure 
outcomes and predictors. A risk prediction model can be developed using one-stage or 
a two-stage approach45. In one-stage individual patient data, a single model is developed 
and typically mixed-effects multilevel regression is used to consider within and between 
studies heterogeneity42,46-48. In two-stage individual patient data analysis, in the first 
step simple regression models are performed by study. Secondly, the estimates are 
combined using meta-analytic methods42,47. Both approaches have advantages and 
challenges, although some simulations showed a fully specified one stage approach 
should be preferred, especially in presence of systematic missing data42,45. However, few 
examples and guidelines are available in the literature with time-to-event outcomes49-53. 

validate PredictCBC and PredictCBC-2.0 models. Family history for breast cancer, 
germline genetic information (i.e., BRCA1/2 germline mutation, CHEK2 c.1100delC and 
PRS), and CPM are completely unavailable in NCR. However, complete breast cancer 
characteristics and treatment information available in NCR contributed to developing 
good performance imputation models based on the correlation matrix of the data37. In 
addition, the remaining predictors were quite complete: more than 70% of patients had 
at most one missing predictor. Follow-up information regarding some outcomes were 
incomplete in some studies. For example, in some studies included in chapter 2, 3 and 
4, CBC and CPM outcome information was incomplete leading to an underestimation of 
the cumulative incidence. This challenge can only be solved in the future by improvement 
of data collection at the source (i.e., the original registry from which the studies acquired 
their data).

Methodological challenges
There are several challenges in methodological research of clinical prediction models 
when individual data from different studies are available. The most important challenges 
characterizing all applied works (chapter 2, 3 and 4) of this thesis were missing data, 
heterogeneity between studies, and time-to-event outcomes with a special attention to 
competing risks.

Missing data are unavoidable in medical research and researchers tend to include only 
complete information to perform the statistical analyses. However, excluding a large 
proportion of information will lead to biases38. Biases may be substantial or negligible 
according to the reasons why data are missing. A common classification of missing 
data is: missing completely at random, missing at random and missing not at random39. 
According to the type of missing data classification, different statistical methods are 
suggested. These methods, commonly defined as multiple imputation, replace missing 
values with imputed values. To allow uncertainty about the missing data, imputed values 
are generated multiple times to create several different plausible imputed data. These 
results of all imputed data are combined (using different methods) to fully consider 
uncertainty among imputations. Multiple imputation methods are typically suggested 
when a missing is at random. When missing is completely at random, complete case 
analysis is suggested. On the other hand, when the amount of missing values is high, 
multiple imputation is recommended to avoid data reduction. Additional statistical 
investigations (e.g. sensitivity analyses) are required when missing is not at random39. 
An overview including the definition of the different types of missing data classification 
with an example and the suggested statistical method to minimize biased point and 
variance estimates is shown in Table 1.
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For example, in the Netherlands, most of them are based on the risk management for 
a first primary breast cancer diagnosis58. In some circumstances, the BOADICEA risk 
prediction model, originally developed to predict the risk of first primary breast cancer, 
is used to have a better idea about the CBC risk59,60. However, the risk to develop a CBC 
is higher among first breast cancer patients compared to the risk to develop a first 
primary breast cancer among healthy women61. Furthermore, the current BOADICEA 
model does not include crucial additional information from the primary breast cancer, 
most important being systemic therapies. Last but not least, currently although CBC 
prediction tools are available like PredictCBC models and CBCrisk, these are not widely 
used in clinical practice62. Generally speaking, PredictCBC models and other CBC risk 
tools may be used to better identify high risk patients and reassure low risk patients who 
have worries and fears about the risk to develop a new primary tumor in the opposite 
breast. An appropriate use of the models may help patients, with a low predicted CBC 
risk, to avoid CPM or to opt for an alternative preventive strategy such as personalized 
screening programs.

Suggestions to promote the usage of PredictCBC models
Three fundamental points may encourage physicians to use PredictCBC models in 
clinical practice: model implementation, model validation and model updating. Model 
implementation is essential to support public health strategies. One of the most 
important goals of model implementation is to provide a user-friendly tool to efficiently 
communicate risks to patients. A well-implemented PredictCBC model may facilitate 
a more interactive discussion about CBC risk management between patients and 
physicians. In a parallel PhD trajectory based on the same project, we took a first step 
towards this implementation. In addition, misconception of the risk may be minimized 
since breast cancer patients generally tend to overestimate their CBC risk63,64. Online 
website and software applications are largely (and also freely) available nowadays to 
implement and periodically update risk prediction tools in practice, for example Shiny in 
R (https://shiny.rstudio.com/) and Evidencio (https://www.evidencio.com/home). 

Model validation is important to evaluate a risk prediction in a setting different than 
the one used to develop the model. PredictCBC models were built using studies from 
Europe (most of them from the Netherlands), United States, and Australia. We strongly 
encourage to validate PredictCBC models especially in Asian and African studies to refine 
CBC risk prediction and to introduce new or updated CBC risk management guidelines 
in different countries.

PredictCBC models, and generally prediction models, should be periodically monitored 
over time to provide up-to-date prediction and performances. However, it is still 
challenging to establish when and how often a periodic surveillance of the risk prediction 

In case of survival analysis, stratified Cox regression models or flexible parametric 
survival regression proposed by Royston and Parmar models may be used to account for 
different baseline risks among studies in one stage individual patient data analysis53-55. 
More sophisticated survival regression models were proposed (e.g. frailty models) in 
the literature50. Currently, to the best of our knowledge, no clear guidelines are available 
to clarify how to analyze individual patient data using multiple studies in the presence 
of competing risks outcomes. One of the first questions is whether Fine and Gray or 
cause-specific hazards models should be used, especially when the aim is to develop 
and validate a risk prediction model to predict the absolute risk56,57. In chapters 2 and 
4, we developed PredictCBC models with a one stage individual patient data analysis 
approach using a stratified Fine and Gray method after multiple imputation of missing 
values. More practical and methodological efforts in the context of competing risks 
might be useful to better consider heterogeneity in the imputation and analysis models. 
Table 2 summarizes the approaches of analyzing individual patient data using multiple 
studies.

Table 2: a summary of approaches to analyze individual patient data from multiple studies

Approach Definition Pros’ Cons’ Potential future  
developments

One-stage

A single model is  
developed where 

heterogeneity should 
be considered

 - Simple;

- Consistent with 
imputation of 

systematic missing 
data

- Sophisticated models 
(e.g. stratification, mixed-

models, frailty models) 

- Computationally 
demanding

 - Clear guidelines 
about how to 

develop, validate a 
competing risks / 

dynamic prediction 
models

Two-stage

A single model is 
developed by study.  

Estimates are 
combined using 
meta-analytical 

approaches

- Reasonable to 
fully consider 

heterogeneity among 
studies

- In case of systematic 
missing values, study-
specific estimates may 
be diluted with multiple 

imputation

IMPLICATIONS AND FURTHER RESEARCH

Potential clinical implications of PredictCBC models
With the work described in this thesis we have tried to pave a way for more accurate and 
potentially clinically relevant CBC risk prediction through PredictCBC models. Currently, 
decision making about CBC preventive strategies is essentially based on BRCA1/2 
germline mutation and/or family history. This choice is still reasonable and practical, 
although additional clinical and genetic information can refine clinical decision making 
about CPM. No clear guidelines are currently available about risk management of CBC. 
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be calculated considering patients’ personal characteristics and clinical status prior to 
the time of prediction (time horizon) at specific landmark time after the first event (e.g., 
IBC or DCIS) or at the time of an intermediate event (e.g., CBC) occurs. We propose a 
graphical representation of a multi-state modelling for dynamic prediction, encapsulating 
the outline of this thesis, as a potential next step in breast cancer prediction. (Figure 1). 
Unfortunately, we were not able to implement any dynamic models because information 
of intermediate events was incomplete and most of the predictors were not collected 
over the follow-up time.

Figure 1: A simplified graphical representation of a multi-state modelling for breast cancer for 
dynamic prediction.
DCIS: ductal carcinoma in situ; IBC: ipsilateral breast cancer; CBC: contralateral breast cancer; DM: 
distant metastasis.

Perspectives and suggestions for further methodological research
As mentioned in the paragraphs before, no clear guidelines are currently available about 
how to analyze individual patient data with multiple studies in presence of competing 
risks. When missing values are present, how to incorporate competing risks outcomes in 
the imputation models is still an ongoing research, especially when multiple studies are 
included and systematic missing values can occur41,43,44. An overview about how to develop 
and validate a risk prediction model in presence of competing risks using individual data 
including multiple studies is really needed with a real application supported by software 
code for implementation. These potential guidelines and overviews might be extended 
in the context of multi-state and dynamic prediction modelling. 

Cox proportional hazard models for each event and Fine and Gray regression are the 

performances should be provided, especially when healthcare policies are quite 
heterogeneous among countries and change over the time65. Continuous monitoring 
and updates of prediction models are expensive and computationally demanding. 
Centralization, harmonization, and standardization of health care data may represent 
one of the ongoing/new frontiers in (medical) statistics. Recent and future developments 
in the field of data engineering, data architecture, and data science may substantially 
accelerate the usage of more sophisticated electronic health records to answer 
etiological questions and to develop, validate and monitor risk prediction models. 

Further research and future developments in CBC risk prediction
Risk prediction models may need updates and revision. PredictCBC models might be 
in the future updated as new predictors become available. There are still stimulating 
opportunities to improve CBC risk prediction performance. For example, polygenic risk 
scores based on common genetic variants may steadily improve as new biological insights 
become available. Although the 313-polygenic risk score and CHEK2 c.1100delC are 
currently unlikely to add substantial improvements of CBC risk prediction performance 
in the general population, better tailored clinical decision making for individual patients 
was certainly apparent in PredictCBC-2.0 models. Other germline variants in CHEK2, and 
also in the ATM and PALB2 genes are suggested to be associated with higher first breast 
cancer and CBC risk9,20,66. Breast density is a well-established risk factor of first primary 
breast cancer and it has been suggested to be associated with an increased CBC risk67,68. 
BOADICEA and the CBC specific risk tool CBCrisk include breast density as a predictor; 
however, no clinical utility evaluation was provided yet. Further research is needed to 
investigate whether including information about ATM, PALB2 and breast density may 
improve CBC prediction and decision making. All potential aforementioned predictors 
are measured at (around) the diagnosis of primary breast cancer. Breast density, lifestyle 
and reproductive factors may change over time and adequate statistical methods are 
needed to consider time-dependent predictors to estimate CBC risk over the time.

Conceptually, any kind of risk prediction is challenging, especially far away in the 
future. It is reasonable to think that risk predictions may improve as new and updated 
information becomes available close to the prediction time horizon. Breast cancer is a 
multi-state disease with clinically relevant intermediate outcomes such as, for example, 
recurrence (local, locoregional, distant) and CBC. Individual patient prognosis can really 
differ as the intermediate events occurs or information about modifiable risk factors 
(e.g., BMI or alcohol use) and biomarkers change after the first event (e.g., diagnosis 
of DCIS or first primary invasive breast cancer). Recently new methods have been 
developed to simultaneously model intermediate states and incorporate longitudinal 
data69-74. The multi-state and dynamic prediction modeling can be used to reveal the 
relations between different types of events and to estimate predictions. Prediction can 
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most known models for time-to-event data, although alternatives are possible54,75. Over 
the years, methodological research had focused on extending the potential violation 
of proportional hazard and random censoring assumptions. Other relevant issues 
include that many hospital- and population-based studies recruit patients at random 
times after diagnosis defined as left-truncation or delayed-entry. Few of the current 
discrimination measures (e.g. c-index and time-dependent Area Under the ROC curve) 
for time-to-event outcomes consider left-truncation76. Discrimination measures should 
be extended when left-truncation occurs. The potential violation of independent 
delayed entry assumption in parameter estimation and risk prediction might be 
additionally investigated. Simulation studies may be challenging in this setting77-79.  

Last but not least, prediction ignores technologies that will be discovered in the future80. 
There is an increasing interest in using and comparing machine learning and modern 
algorithms with standard statistical methods for risk prediction81-83. Thus, further 
comparison studies are welcome84,85.

CONCLUSIONS

In conclusion, we paved the road for risk prediction of contralateral breast cancer (CBC) 
in patients diagnosed with first invasive breast cancer and ductal carcinoma in situ. The 
potential clinical utility and applications of CBC risk prediction models in clinical practice 
is largely investigated from a clinical viewpoint. An appropriate implementation and use 
of PredictCBC models may reassure patients about their fears to develop a new primary 
breast cancer in the opposite breast and to opt for alternative preventive strategies 
when their estimated CBC risk is low.

We sketched a framework for performance evaluation of predictions and clinical utility 
of survival and competing risks models using real word examples and providing the 
code of the statistical software currently used. There are still many stimulating and 
challenging opportunities to improve risk prediction and prognosis in the breast cancer 
field from genetics, biological and clinical perspectives. Much has been achieved in the 
last 30 years in medical statistics and biostatistics in risk prediction modelling, although 
identifying predictors that really improve prediction performances in (breast) cancer 
remains challenging. Further exciting opportunities lie ahead in methodological and 
applied research with the help of advance technological developments. 
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