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Preface
Passion comes from learning and developing. My research path started with uncertainties.
During my 5-year undergraduate life in the Institute of Preventive Medicine, Sun Yat-sen
University, China, I worked in several labs for different research activities as part-time jobs or
internships, e.g. awareness and satisfaction about health policy, elaterin’s impact on diabetes,
questionnaire design and field data collection. During my studies for a Master’s degree in
Epidemiology, at the University of Munich, Germany, I entered the world of cancer and
prediction modeling. My first taste of modeling was to project incidence and mortality for most
common cancers to 2030 in Germany. Then I focused specifically on breast cancer, i.e.,
validation of the IBIS model, a breast cancer risk prediction model from the UK, and genetic
data simulation for breast cancer risk model development. Based on the experiences and skills
I gained during my Master’s studies, I pursued my PhD studies at the University of Basel, which
ended being a pleasant and fulfilling journey. The challenges and gain of valuable skills during
the development of my true interest in the area of disease prevention have led to far greater
satisfaction and passion for research.
The basis for this thesis originally stemmed from my passion for developing better prediction
tools and secondary prevention programs for women at risk for breast cancer and breast cancer
patients. In the main research line (Chapter I to V: Manuscript I to III), I focused on improving
breast cancer risk modeling to enhance early detection and risk-stratified screening. In
additional manuscripts I worked towards three aspects of breast cancer patient advocacy, i.e.,
implementation of cascade genetic screening for hereditary breast and ovarian cancer and
Lynch syndrome predisposition (Manuscript V and VIII ); increasing use of genetic testing and
breast cancer surveillance among young breast cancer survivors and their at-risk relatives, with
high suspicion of hereditary predisposition to the disease (Manuscript IV and VII); examining
the variability and influencing factors of cognitive function for women after breast cancer
surgery (Manuscript VI). Through these additional manuscripts I gained a deeper understanding
of various levels of prevention and early detection that cover the whole spectrum of the breast
cancer continuum, from screening to survivorship. My goal is to translate knowledge advances
into clinical application and serve personalized medicine.
Basel, May 2020
Chang Ming

Abstract
In the past decades the incidence of breast cancer has shown an increasing trend worldwide,
while survival has improved through screening, especially if tumors are diagnosed at early
stages, and through advances in therapeutic approaches. Early detection is currently the best
option to reduce cancer morbidity and mortality. Although many risk factors have been
established for breast cancer, e.g., age, family history, genetic predisposition, hormone and
reproductive factors, and history of benign breast disease, few are applicable for primary
prevention. In most western countries breast cancer screening programs target women over 50
years old and age is considered the sole risk factor for entering a population-based screening
program. Many societies and groups propose that a risk-stratified screening strategy could be
more effective, less morbid and more cost-effective. Breast cancer risk prediction models use
established clinical and epidemiological factors to provide a risk estimate for individual woman.
Clinicians can use these models to facilitate stratification of preventive interventions and
personalized clinical management, including risk stratified screening at a younger age,
chemoprevention, lifestyle change interventions, and follow-up care.
As an essential tool in precision medicine, several breast cancer risk prediction models are
developed in past decades and some have been incorporated in clinical guidelines to support
clinical decision making. The biggest limitation of these models is their low discriminatory
accuracy (Area Under the Receiver Operating Characteristics curve around 0.65). This is
slightly better than a coin toss and limits utility in clinical practice, especially at the individual
patient level. These classical model-based prediction methods always rely on implicit
assumptions that each risk factor relates to breast cancer in a linear way. These assumptions
oversimplify complex relationships and non-linear interactions among multiple risk factors.
Although these models have been updated and extended for decades, there is a very limited
improvement in accuracy. Machine learning (ML) offers an alternative approach which can
address current limitations and has the potentials to improve model performance. However,
very few studies applied ML for personalized breast cancer risk prediction. The comparison of
predictive accuracy and reliability for breast cancer lifetime risk prediction between ML and
models commonly used in clinical practice has never been performed. Moreover, no ML-based
model has been carried forward to explore its clinical utility, e.g. impact on screening practices.
This thesis addresses the above-mentioned limitations and gaps in knowledge. The overall aim
was to develop a breast cancer risk prediction model based on ML techniques, to compare its

performance with classic models commonly used in clinical practice, and to explore the clinical
impact of ML-based models under the current screening settings and guideline-based
recommendations.
The most important findings were the superior performance in the predictive accuracy of MLbased models to commonly used models when using the same risk factors from the US and
Switzerland retrospective datasets. Bringing this advance of more accurate ML prediction into
screening settings can result in about one in three women being classified into a different risk
group. Women younger than 50 years old would be most influenced because clinical decision
making for their initiation of screening would be changed.
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Chapter I

Introduction
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Breast cancer risk factors
Breast cancer incidence has been on the rise over the past decades worldwide, becoming the
most common cancer and the second leading cause of cancer-related deaths among women in
western countries (1-3). Specifically, in countries with historically low incidence, breast cancer
incidence rates are rising rapidly. Based on projections from several studies this trend will
continue (4, 5). Every year in Switzerland, about 6,000 women are diagnosed with breast cancer
and more than 1,350 die from the disease, making it a major public health problem (6). The
increase of incidence is highly related to dietary and reproductive patterns associated with
western lifestyles (7, 8). There are well established risk factors for breast cancer, as summarized
in Table 1 (9), which can be broadly classified as modifiable and non-modifiable.
Table 1 Breast cancer risk factors
Risks factors of breast cancer
Being a woman

Non-modifiable
Less than 1% of all new breast cancer cases happen in men

Age

Over 60% of invasive breast cancers are found in women 55 or older

Family history

Having close relatives affected with breast cancer

Genetics

Abnormal genes are involved in 5% to 10% of breast cancers

Personal history of breast cancer

Having had breast cancer

Radiation before age 30

Radiation to the chest or face to treat another cancer

Certain benign breast conditions

Ductal hyperplasia (without atypia)
Complex fibroadenoma
Sclerosing adenosis
Papilloma or papillomatosis
Radial scar

Race

White > African American > Hispanic > Asian women

Pregnancy history

No pregnancy or having first child above age 30

Menstrual history

Menarche younger than age 12
Menopause older than age 55
Modifiable

Overweight

Especially after menopause

Hormone replacement therapy

Current or recent past users of HRT

(HRT)
Drinking alcohol
Dense breasts

Having three alcoholic drinks per week has a 15% higher risk of
breast cancer
Twice as likely to develop cancer as non-dense breasts
Harder for mammograms to detect

Smoking

For younger, premenopausal women
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For postmenopausal women having heavy second-hand smoke
exposure
Low of vitamin D levels

Vitamin D may be able to stop breast cancer cells from growing

Light exposure at night

Night shift

Eating unhealthy food

Diet is thought to be at least partly responsible for about 30% to 40%
of all cancers

Exposure to chemicals

From cosmetics, food, plastic, lawns or gardens

Protective factors of breast cancer
Breastfeeding history

Especially if a woman breastfeeds for longer than 1 year

Exercise

Regularly at a moderate or intense level for 4 to 7 hours per week

Breast cancer primary and secondary preventive strategies
Due to the rising incidence of breast cancer and the discovery of several modifiable risk
factors, primary and secondary preventive strategies have become an important area of
interest, as summarized in Table 2 (10).
Table 2 Main primary and secondary preventive strategies
Strategies

Content

Pharmacotherapy

Taking Tamoxifen, Raloxifene, Arzoxifene, Lasofoxifene
Aromatase inhibitors

(chemoprevention)
Diet and nutrition

Specific dietary intervention
Weight loss intervention

Risk-reduction surgery

Bilateral risk-reduction mastectomy
Bilateral risk-reduction salpingo-oophorectomy

Screening

Mammography, ultrasound, breast magnetic resonance imaging (MRI)

Although pharmacotherapy has been proven in several prospective randomized clinical trials
(RCT) to reduce breast cancer risk, it has several severe side effects (11). Currently, there is no
conclusive evidence based on RCT supporting dietary or weight loss interventions (12-14).
Women who underwent risk-reduction surgery have reduced risk of breast cancer, but they may
bear considerable adverse physical and psychosocial effects that can affect their quality of life.
Thus, multidisciplinary evaluations should be offered first to discuss the risks and benefits of
prophylactic surgery and any possible corrective measures (e.g., breast reconstruction) in order
to enable informed decision making (15, 16). Screening is currently considered as the most
effective and beneficial preventive strategy. Because breast tumors can be detected early when
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its size and spreading, the two most important prognostic factors can be relatively more easily
managed with treatment (17, 18).

Screening: ‘one-size-fits-all’ versus risk-stratification
Mammography can detect breast cancer at the asymptomatic phase with around 85% sensitivity
and around 95% specificity (19). Since 2009 the U.S. Preventive Services Task Force
recommends breast cancer screening with biennial mammograms for women age 50 to 74 years
old (18, 20). In Europe, nationally-organized screening programs began around 1985 in the
Nordic countries and the United Kingdom, followed by other European countries (21, 22). Most
of these programs target women from 50 to 69 years old (23). In 1995, the Swiss Federal Office
of Public Health and the Swiss Cancer League adopted a national program recommending
biennial mammography screening for women over 50 years old (6, 24). Age is the sole risk
factor for entering a population-based screening program.
Although breast cancer mortality has been decreasing since introducing these screening
programs, there is continuing debate about the benefits and harms of mammographic screening
(25). The two main counter-arguments are overdiagnosis and overtreatment in populationbased breast cancer screening settings, given that some tumors remain indolent and would not
become symptomatic during a woman's lifetime. Consequently, some women may undergo
prevention or treatment, such as tamoxifen or surgery, for breast tumors that may never become
life-threatening (26). For one breast cancer death prevented, potentially three women could be
over-diagnosed and treated, together with the additional negative effects from retesting,
psychological distress, anxiety, hours of lost productivity, etc. (27). In addition, about 25% of
all breast cancers are diagnosed in women younger than 50 years old (28, 29). Mammography
is less effective as a screening tool for younger women and those with dense breast tissue,
compromising the efficiency of routine mammograms.
Many societies and groups propose that a risk-stratified screening strategy could be more
effective (30, 31), less morbid, and more cost-effective (31-37). Risk-stratified screening has
been proposed to optimize benefits of screening while minimizing harms (38) compared to the
current ‘one-size-fits-all’ approach, using age as the sole risk factor for entering screening
programs. The American Cancer Society recommends that women at average breast cancer risk
(having no personal history of breast cancer, strong family history of breast cancer, genetic
mutation known to increase risk of breast cancer e.g., BRCA mutation, or chest radiation
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therapy before the age of 30) should get annual mammograms from age 45 and biennial
mammograms from age 55, while women who are at high risk for breast cancer based on the
aforementioned factors should get a breast MRI and a mammogram every year, typically
starting at age 30 (39).
However, simply using the relative risk of certain risk factors or their combinations to stratify
breast cancer risk is not applicable for prediction at the individual level, as relative risk normally
indicates the importance of risk factors and relies on the risk of the reference group. Absolute
probability/risk of a woman with certain risk factors developing breast cancer in a given time
can be more direct and helpful in raising public awareness, risk communication, and decision
support.

Breast cancer risk prediction models
Comprehensive breast cancer risk prediction models generate absolute risk estimations to
support clinical decision making. They aim to classify women into clinically meaningful risk
groups and enhance identifying and targeting women at high risk, while reducing interventions
for those at low-risk. Several models for predicting an individual's breast cancer absolute risk
have been developed since the 1990s. They are based on large cohort datasets from different
geographic regions, different methodologies and different panels of risk factors (e.g., family
history, genetic factors and epidemiological risk factors) (25, 40, 41). A few models are
available via web-based online applications/platforms. In this thesis we targeted two models
namely, the Breast Cancer Risk Assessment Tool (BCRAT), also known as the Gail model, and
the Breast and Ovarian Analysis of Disease Incidence and Carrier Estimation Algorithm
(BOADICEA) model. Both models are commonly and widely used in the US and Europe, are
accessible via web-based platforms, and have been integrated into clinical guidelines to guide
decision making for breast cancer risk management (42, 43). They are also very good
representations of both computing algorithms (competing risk modeling for BCRAT vs.
segregation analysis for BOADICEA) and panels of risk factors (epidemiologic risk factors for
BCRAT vs. family history and genetic factors for BOADICEA)
BCRAT is developed and validated with data from the US Surveillance, Epidemiology, and
End Results registry (SEER) (44). The model calculates 5-year and lifetime risk of developing
breast cancer for women older than 35 years using eight risk factors, i.e., age, age of menarche,
age of first live birth, number of previous biopsies, benign disease, BRCA mutations, race, and
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number of first-degree relatives affected with breast cancer (45). The model is based on
competing risk assumptions with parsimoniously selected categorical risk factors. It assumes
that every woman has the same age-specific hazard of dying of causes other than breast cancer.
The age-specific hazard was estimated from the mortality rates for all causes except breast
cancer between the year 1970-1990. The National Comprehensive Cancer Network suggests
using BCRAT to identify women who may benefit from chemoprevention i.e. tamoxifen or
raloxifene, and annual screening with mammograms and MRIs (i.e. with a 5-year risk from
BCRAT greater than 1.66% or with a remaining lifetime risk greater than 20%) (46). The
American Society of Clinical Oncology and the United States Preventative Services Task Force
also advocated for the use of BCRAT (43, 47). BCRAT is reported as the most widely used
breast cancer risk assessment tool by primary care physicians (PCPs) because of its simplicity
and the availability of the web-based platform (48).
The BOADICEA model is the first polygenic breast cancer risk prediction model, developed
based on data from 2,785 UK families. BOADICEA uses information from personal and family
history of breast cancer, including information from breast cancer pathology, ethnicity, and
BRCA mutations (49). The BOADICEA model is designed based on segregation analyses, in
which susceptibility to breast cancer is explained by mutations in the BRCA genes, as well as a
polygenic component that reflects the multiplicative effect of multiple genes, which
individually have smaller effects on breast cancer risk (50). Clinical guidelines in several
European countries and Switzerland recommend using BOADICEA for breast cancer risk
prediction (56, 57). In 2013, the Swiss Cancer League adopted the UK NICE Clinical Guideline,
which classifies women into moderate (17% ≤ lifetime risk < 30%) or high (lifetime risk ≥ 30%)
breast cancer risk calculated with the BOADICEA model (51, 52). Screening with
mammography and MRI are recommended according to women’s risk classification.

Performance of the current models
Generally, the performance of a prediction model can be judged by its calibration and
discriminatory accuracy. Several popular models including the BCRAT and BOADICEA
models have good calibrations. These models can accurately predict the number of breast
cancers that will occur within groups of women in specific populations, and therefore are useful
for estimating sample sizes required in prevention trials or assisting in population prevention
interventions (41). However, one major problem that limits their clinical utility lies in their
discriminatory accuracy. Studies that validated these models have reported that the Area Under
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the Receiver Operating Characteristics (AU-ROC) curve was between 0.53 and 0.64, resulting
in their limited application for clinical practice at the individual level (40, 41, 45, 53-58). There
is a 36% to 47% chance that the BCRAT and BOADICEA model will not identify high-risk
women, while some low-risk women may receive unnecessary preventive treatments. Although
both models have been constantly updated and improved for decades investing significant time
and effort, this issue remains unresolved. The reason could be that both models make implicit
assumptions that risk factors relate to cancer development in a linear way and are mostly
independent from other risk factors. Thus, both models likely oversimplify complex
relationships and non-linear interactions of numerous risk factors (57).

Machine learning techniques
Machine learning (ML) offers an alternative approach that has high potential to improve model
performance. ML techniques are developed from early studies of pattern recognition and
computational statistical learning. They make fewer assumptions and rely on computational
algorithms and models to identify complex interactions among multiple heterogeneous risk factors.
This is achieved by iteratively minimizing specific objective functions of predicted and observed
outcomes (59). ML has been used in models related to cancer prognosis and survival, producing
better accuracy and reliability (60-63). Studies aim to translate the prediction of specific clinical
outcomes or diagnostic phenotypes with both model-based and model-free techniques into
application. Model-based methods like logistic regression are applicable when the outcome
variables are measured on certain scales (e.g., binary scale: success/failure) and follows the
model-specific assumptions regarding the process probability distributions (e.g., Bernoulli
distribution) (59). Model-free methods (like Random Forest, AdaBoost, Support Vector
Machines, Neural Network) are able to adapt to original data characteristics without
simplification of the problem by adding a priori models or assumptions (64).
However, very few studies applied ML for personalized breast cancer risk prediction and
compared its predictive accuracy and reliability with models commonly used in clinical practice
(65-67). Moreover, no ML-based model has been carried forward to explore its clinical utility
by incorporating current clinical guidelines, e.g., impact on screening practice.
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Outline of the thesis
This thesis is an original research project funded by the University of Basel. The overall aim of
the thesis is to develop ML-based personalized breast cancer risk prediction model for clinical
decision support. The project has three specific aims: Aim 1. Data collection, extraction, and
data mining for multiple risk factors from a U.S. population-based cohort and an oncology
clinic at the Geneva University Hospital; Aim 2. Applying different ML techniques for
forecasting individualized breast cancer risk, and comparison of the discriminatory accuracy
between ML-based estimates and the BCRAT and BOADICEA models; Aim 3. Assessment of
classification difference and clinical impact (in screening setting) of lifetime breast cancer risk
generated from ML algorithms and from the BOADICEA model. The present thesis mainly
focused on Aim 2 and 3 of this project.
More specifically, first, I collected genetic consultation records, family pedigree files, and
genetic testing reports from the oncology department at the Geneva University Hospital (HUG)
via data mining. In addition, risk factors and diagnoses of breast cancer were extracted, merged,
and cleaned from the U.S. population-based cohort and the Swiss clinic-based retrospective
data. Second, I applied eight model-based and model-free ML algorithms, as well as BCRAT
and BOADICEA models, to predict breast cancer lifetime risk using the datasets mentioned
above and additional simulated datasets. Third, I extended the prediction of ML and
BOADICEA to a larger population, to quantify the ML classification difference of women into
risk categories compared to BOADICEA. Combining the current Swiss breast cancer
surveillance protocol, I explored the impact of ML prediction models on screening for women.
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Abstract
Background
Comprehensive breast cancer risk prediction models enable identifying and targeting women
at high-risk, while reducing interventions in those at low-risk. Breast cancer risk prediction
models used in clinical practice have low discriminatory accuracy (0.53-0.64). Machine
learning (ML) offers an alternative approach to standard prediction modeling that may address
current limitations and improve accuracy of those tools. The purpose of this study was to
compare the discriminatory accuracy of ML-based estimates against a pair of established
methods - the Breast Cancer Risk Assessment Tool (BCRAT) and Breast and Ovarian Analysis
of Disease Incidence and Carrier Estimation Algorithm (BOADICEA) models.

Methods
We quantified and compared the performance of eight different ML methods to the performance
of BCRAT and BOADICEA using eight simulated datasets and two retrospective samples: a
random population-based sample of U.S. breast cancer patients and their cancer-free female
relatives (N=1,143), and a clinical sample of Swiss breast cancer patients and cancer-free
women seeking genetic evaluation and/or testing (N=2,481).

Results
Predictive accuracy (AU-ROC curve) reached 88.28% using ML-Adaptive Boosting and 88.89%
using ML-Random Forest versus 62.40% with BCRAT for the U.S. population-based sample.
Predictive accuracy reached 90.17% using ML-Adaptive Boosting and 89.32% using MLMarkov Chain Monte Carlo Generalized Linear Mixed Model versus 59.31% with BOADICEA
for the Swiss clinic-based sample.

Conclusions
There was a striking improvement in the accuracy of classification of women with and without
breast cancer achieved with ML algorithms compared to the state-of-the-art model-based
approaches. High accuracy prediction techniques are important in personalized medicine
because they facilitate stratification of prevention strategies and individualized clinical
management.
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Background
Since 2009 the U.S. Preventive Services Task Force recommends breast cancer screening with
biennial mammograms for women age 50 to 74 years old (1). In 2013, Switzerland also adopted
a national strategy, recommending biannual breast cancer screening for women over 50 (2, 3).
Age over 50 years is the sole risk factor considered for entering a population screening program
(4-6). However, about 25% of breast cancer patients are diagnosed in women under 50 years
old (7, 8). Mammograms are less effective as a breast cancer screening tool for younger women,
who are more likely to have dense breast tissue, compromising the utility of routine
mammograms in this age group. This contributes to diagnostic delays and increased morbidity
and mortality (8, 9). Risk-based screening could be more effective, less morbid, and more costeffective (10-17). Comprehensive breast cancer risk prediction models, able to classify women
into clinically meaningful risk groups, will enable identifying and targeting women at high-risk,
while reducing interventions in those at low-risk.
The Breast Cancer Risk Assessment Tool (BCRAT), also known as the Gail model, and the
Breast and Ovarian Analysis of Disease Incidence and Carrier Estimation Algorithm
(BOADICEA) model were developed to identify high-risk women based on known risk factors,
and have been integrated into clinical guidelines to help guide decision making about breast
cancer risk management (18, 19). BCRAT was developed and validated with data from the US
Surveillance, Epidemiology, and End Results registry (20). The model uses eight risk factors,
i.e., age, age of menarche, age of first live birth, number of previous biopsies, benign disease,
BRCA mutations, race, and number of first-degree relatives affected with breast cancer, to
calculate 5-year and lifetime risk for women older than 35 years old (21). The National
Comprehensive Cancer Network suggests using BCRAT to identify women with a 5-year risk
greater than 1.66% and women with remaining lifetime risk greater than 20%, who could
consider risk-reducing chemo-prevention and annual screening with mammograms and MRIs
(Magnetic Resonance Imaging) starting at 30 years old. The BOADICEA model was the first
polygenic breast cancer risk prediction model, based on data from 2,785 UK families.
BOADICEA uses information from personal and family history of breast cancer, including
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information from breast cancer pathology, ethnicity, and BRCA mutations (22). Clinical
guidelines in several European countries and Switzerland recommend using BOADICEA for
breast cancer risk prediction (23, 24).
However, both models have considerable limitations. BCRAT can only be used for women
above 35 years old, and only takes into account history of breast cancer in first-degree relatives
(mother, sisters, or daughters), without including age at diagnosis of these relatives. It does not
consider family history of ovarian cancer, which may be of crucial importance for women with
Hereditary Breast and Ovarian Cancer (HBOC). The BOADICEA model does not account for
risk factors associated with reproductive history and hormonal exposure, and has limited utility
in cases with small family history. Although both models have been validated with large cohort
data, their discriminatory ability, area under the ROC (Receiver Operating Characteristics)
curve, is between 0.53-0.64(21, 25-28). There is 36% to 47% chance that the BCRAT and
BOADICEA model will not identify high-risk women, while some low-risk women may receive
unnecessary preventive treatments. Both models make implicit assumptions that risk factors
relate to cancer development in a linear way, and are mostly independent from other risk factors.
Thus, both models likely oversimplify complex relationships and non-linear interactions in
numerous risk factors (27).

Machine Learning (ML) Forecasting
ML offers an alternative approach to standard prediction modeling that may address current
limitations and improve accuracy of breast cancer prediction tools (29). ML techniques developed
from earlier studies of pattern recognition and computational statistical learning. They make
fewer assumptions and rely on computational algorithms and models to identify complex
interactions among multiple heterogeneous risk factors. This is achieved by iteratively minimizing
specific objective functions of predicted and observed outcomes (30). ML has been used in
models related to cancer prognosis and survival, and produced better accuracy and reliability
estimates (31-34). To date, very few studies applied ML methods for personalized breast cancer
risk prediction or compared the predictive accuracy and reliability with models commonly used
in clinic practice (35). The purpose of this study was to apply different ML techniques for
forecasting individualized breast cancer risk, and to compare the discriminatory accuracy of MLbased estimates against the BCRAT and BOADICEA models.
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Methods
To provide strong assessment, reliable comparison, and reproducible results, we compared MLbased estimates and estimates from BCRAT and BOADICEA model using eight synthetic
simulated datasets and two actual observational datasets. In order to have fair comparisons, we
used the same risk factors as BCRAT and BOADICEA models, respectively, as input for the
ML algorithms in each comparison.

Simulated datasets
We used simulated data to compare the performance between the different ML algorithms
and determine the stability and validity of these predictions within each algorithm. We
generated two sets of four simulated datasets (eight in total), one set consistent with the
input values of BCRAT, and the other consistent with the input values of the BOADICEA
model. The BCRAT and BOADICEA models rely on different risk factors, which
necessitated this dichotomy. For each of the two scenarios we generated four synthetic
datasets: A. simulated data with no signal (null data); B. simulated data with artificial
signals; C. simulated dataset (B) adding 20% missing values; D. simulated dataset (C) after
applying multiple imputations. We randomly masked as missing 20% of values in datasets (B)
to generate datasets (C), then we applied multiple imputations to datasets (C) to generate
datasets (D). The cancer outcome for simulated dataset (B) for the BCRAT was simulated
based on linear aggregation effects of all variables, with an artificial effect size for each
variable. Variables in the null dataset (A) had no signal – these were generated with
completely random values within specific ranges. In our simulation, having certain risk
factors could elevate an individual’s breast cancer risk. This relative risk (signal or artificial
effect size) is given according to published meta-analyses for that specific risk factor. Each
individual had a baseline probability randomly assigned to them. After adding each risk
factor’s attribution (RR multiplied by baseline) to baseline, we set a cutoff of the final
probability to classify each sample as “healthy” or “sick”. Datasets (B) for BCRAT and
BOADICEA have different input variables and data structure. For example, in data used
for the BOADICEA model, each individual is imbedded into a family pedigree and have
two individuals as parents. We randomly set family sizes between 3 to 80 members, and
the number of generations from 1 to 5 in each family, based on our observations in the
Swiss clinic-based dataset. Family members’ age and age gap between the two closest
generations was set according to average age for first childbirth. The pedigree (hierarchical)
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dataset (B) with artificial signal for the BOADICEA model was generated with R Package
‘pedantics’,

enabling

pedigree-based

genetic

simulation,

pedigree

manipulation,

characterization, and viewing (36). Multiple imputations with R package “MICE” (Multivariate
Imputation by Chained Equations) (37) addressed missing data in datasets (C).

U.S. population-based retrospective data
We used baseline data from a prospective randomized trial conducted in Michigan (U.S.)
including a statewide, randomly selected sample of young breast cancer survivors (YBCS) who
were diagnosed with invasive breast cancer or ductal carcinoma in situ (DCIS) and their cancerfree female relatives (38, 39). The trial recruited women diagnosed with breast cancer younger
than 45 years old from the state cancer registry. The sample was stratified by race, Black versus
White/Other, for adequate representation of Black YBCS. YBCS recruited cancer-free, firstand second-degree female relatives. The trial collected all information required for calculating
BCRAT scores from 850 YBCS and 293 of relatives (total n=1,143), after excluding individuals
younger than 35 years old.

Swiss clinic-based retrospective data
The oncology department at the Geneva University Hospital (HUG) has been offering genetic
evaluation and testing since 1998 to breast cancer patients and cancer-free individuals. During
the genetic consultation process information about demographic and clinical characteristics,
disease history, previous genetic test results, and a detailed family pedigree are recorded with
“Progeny” software (40). Information from pathology reports, archived tumor tissue, and cancer
treatment is recorded for breast cancer patients. Data from genetic consultation records and
Progeny files were extracted with R packages ‘tm’ and ‘gdata’ (41) from 2,481 families with
totally 112,587 individuals. Extracted data is suitable for risk calculations with the BOADICEA
model for one female member from each family. Information from 2,481 women are included
in this study, who are either the first female in their family to receive genetic evaluation or
testing, or they were a first degree relative of a male who received genetic evaluation or testing.

Missing values
For the US population-based dataset, there were less than 3% missing values among the
variables used by the BCRAT model. For Swiss clinical datasets, there were about 13% missing
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values among the variables used by the BOADICEA model. Among those missing values,
BRCA mutations, estrogen receptor and progestogen receptor attributed the most (11%). Thus,
missing values in BRCA mutation and hormone receptor testing were given a separate category
of “unknown” in the analyses, in addition to “positive” and “negative". This approach is also
consistent with the flexibility of the BOADICEA models in handling missing information.

Statistical Analyses
Descriptive statistics, i.e., frequencies, percentages, means and standard deviations, were
computed describing sample characteristics for both categorical and continuous variables in the
BRCAT and BOADICEA models and in ML approaches for n=1,143 U.S. YBCS and cancerfree relatives and n=2,481 Swiss cancer patients and cancer-free individuals.

BCRAT
Comparisons between ML versus BRCAT were based on performance assessment on five
datasets: Simulated data A to D (n=1,200) and retrospective data from the U.S. populationbased trial (n=1,143 women). The R package ‘brca’ version 2.0 was used to calculate absolute
lifetime risk of invasive breast cancer according to BCRAT algorithm for specific race/ethnic
groups and age intervals for each individual in the datasets (42).

BOADICEA model
Comparisons between ML versus the BOADICEA model were based on performance
assessment on five datasets: Simulated data A to D (n=2,500 women) and retrospective data
from HUG with 2,481 females from 2,481 families including 112,587 family members.
Lifetime risk predictions were generated with the web-based batch processing from the
BOADICEA web application. The lifetime risk for each woman was calculated using data from
all the members in her family. In simulated datasets A to D, we randomly assigned a female
member in each family as the index case.

ML algorithms
We used both model-based and model-free ML techniques for predictive analytics. The modelbased approaches included generalized linear models (GLM), logistic regression (LOGIT),
linear discriminant analysis (LDA), Markov Chain Monte Carlo generalized linear mixed
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model (MCMC GLMM), and quadratic discriminant analysis (QDA) (43). The model-free
predictive analytics involved adaptive boosting (ADA), random forest (RF), and k-nearest
neighbors (KNN) (43). We selected these algorithms based on prior reports of their reliability
and effectiveness in identifying, tracking, and exploiting salient features in complex,
heterogeneous, and incongruent biomedical and healthcare datasets (29, 43-46). Variables
included in each comparison were listed in Table 1.
Table 1. Variables included in ML for comparison with BCRAT and BOADICEA
Variables list

Comparison between ML and
BCRAT

Age

✓

Age at menarche

✓

Age at first live birth

✓

Race

✓

Number of biopsies

✓

Atypical hyperplasia

✓

Number of 1st degree relatives with breast cancer

✓

Breast cancer

✓

Family pedigree (beyond 2nd degree contained
affected and unaffected members from both
maternal and paternal side) including:

Comparison between ML and
BOADICEA

✓

Age (or age at death)

✓

Gender

✓

Deceased status

✓

Ashkenazi Jewish

✓

Ovary cancer age onset

✓

Prostate cancer age Onset (male
member only)

✓

Pancreatic cancer

✓

Pancreas cancer age onset

✓

Breast cancer age onset

✓

Contralateral Breast cancer age onset

✓

Estrogen Receptor

✓

Progestogen Receptor

✓

BRCA Mutation

✓
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One benefit of using ML approaches was the supervised classification of breast cancer patients
and cancer-free controls, where controls could outnumber patients or vice versa. We rebalanced
the datasets prior to ML predictions to reduce the potential for estimate bias with the R
packages ’unbalanced’ (Racing for Unbalanced Methods Selection) and “SMOTE” (Synthetic
Minority Over-sampling TEchnique) (47, 48). These packages implement known ML
techniques to propose a racing algorithm for adaptively selecting the most appropriate strategy
for a given unbalanced task.
To ensure the reliability of ML predictions and the consistency of the forecasts, we used internal
statistical n-fold cross-validation. This is an alternative strategy for validating risk estimates
without a prospective dataset (49) and provides a powerful preventative measure against model
overfitting (50). Random subsampling split the entire datasets into n samples of equal size (nfolds). Each algorithm used n – 1 folds for training the ML algorithm and tested its accuracy
with the last fold of the data in each of the n experiments. The final error estimate of the
classification was obtained by averaging the n individual error estimates. We used n=10 folds
cross-validation with 20 repetitions in this process (51).

Comparisons of predictive accuracy
The performance of BCRAT and the BOADICEA models were evaluated using measure of the
area under the receiver operating characteristic curve (AU-ROC), while for the ML techniques
the performance is presented with the mean AU-ROC from 10-fold cross validations.

Variable importance ranking
To understand, interpret, and gain trust in the ML techniques, we identified the salient features
with the highest contribution to the accuracy of these predictions by ranking them within each
cross validation using training sets (n-1 folds). These features were explored to ensure they are
in line with both human domain knowledge and reasonable expectations. For decision tree
classification methods (e.g., RF and ADA), we ranked variable importance on variable selection
frequency as a decision node. For GLM, LOGIT, LDA, QDA and MCMC GLMM algorithms,
variable importance was determined by the coefficient effect size. KNN used an overall
weighting of the variable within the model.

Results
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Sample characteristics
Table 2 presents sample characteristics of the two independent observational retrospective
datasets. The U.S. population-based trial oversampled Black participants. There were more
cancer cases than controls in the U.S. sample, while the opposite was true for the Swiss sample.
The average number of family members affected by breast cancer was higher in the U.S.
database, while the Swiss database included more known mutation carriers. Despite these
differences, using breast cancer as an outcome grouping variable, we had sufficient number in
each group even before applying a data balancing protocol.
Table 2. Sample characteristics of the US population-based sample (n=1,143) and the Swiss
clinic-based sample (n=2,481).
Variables included in BCRAT and
BOADICEA models and in ML algorithms

U.S. population-based
sample n=1,143

Swiss clinic-based
sample n=2,481

Age (Range)

50.86 ± 6.22 (35-64)

50.78 ± 12.77 (13-89)

Age at menarche (Range)

12.56 ± 1.54 (8-18)

12.91 ± 1.59 (8-18)

Age at first live birth (Range)

24.29 ± 5.62 (13-42)

24.13 ± 5.72 (15-48)

Number of biopsies (n=847)

1.20 ± 1.21

-

14 (1.65%)

-

850 (74.37%)

886 (35.71%)

1st Ductal carcinoma in situ
(DCIS)
1st Invasive breast cancer

434 (51.06%)

50 (5.64%)

404 (47.52%)

807 (91.08%)

1st Breast cancer age onset (Range)

40.03 ± 4.79 (26-54)

46.07 ± 10.69 (22-84)

Bilateral breast cancer

4 (0.47%)

160 (18.06%)

Estrogen Receptor (ER) Positive

-

618 (69.75%)

-

561 (63.32%)

-

13 (0.52%)

Atypical hyperplasia
Breast cancer

Progestogen Receptor (PR)
Positive
Pancreatic cancer
Pancreatic cancer age onset
(Range)
Ovarian cancer

55.10 ± 9.35 (36-75)
9 (0.79%)

133 (5.36%)

Ovarian cancer age onset (Range)

45.83 ± 5.00 (36-50)

56.44 ± 13.16 (21-85)

Having also breast cancer

4
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Ethnicity (% Black)

401 (35.08%)

71 (2.86%)

Ashkenazi Jewish origin

12 (1.05%)

65 (2.29%)

Number of 1st degree relatives with breast
cancer Breast cancer patients

0.98 ± 1.05

0.25 ± 0.55

0.81 ± 1.05

-

Relatives of breast cancer patients

1.49 ± 0.88

-

32 (2.79%) 235 tested

209 (8.42%) 1052
tested

BRCA1 or BRCA2 germline mutations
- Data not available
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Prediction accuracy
Tables 3a and 3b present prediction ability comparison for BCRAT and BOADICEA models
and the ML techniques. In the simulated dataset A with no signal, all approaches failed to
discriminate cancer cases from cancer-free controls, i.e., AU-ROCs were around 50%. In the
simulated dataset B with artificial signal, most ML algorithms (except GLM) showed about 90%
accuracy in prediction. The ML (except GLM) methods also maintained high accuracy (89.77%93.00%) in dataset C with 20% missing values and dataset D with multiple imputations. Using
the same risk factors and similar sample sizes, the accuracy of ML techniques was superior to
BCRAT and BOADICEA models in the U.S. and Swiss observational retrospective samples. For
the U.S. population-based sample, predictive accuracy reached 88.28% using ADA and 88.89%
using RF versus BCRAT AUC: 62.40%. For the Swiss clinic-based sample, predictive accuracy
reached 90.17% using ADA and 89.32% using MCMC GLMM versus BOADICEA AUC
59.31%. Compared to BCRAT and BOADICEA models, predictive accuracy increased by
approximately 35% and 30%, respectively. In older to visualize the accuracy improvement, we
generated the ROC curves in Figure 1a and Figure 1b from predictions of BCRAT and
BOADICEA models and one ML approaches performed best.
Table 3a. Performance AU-ROC curve of BCRAT and ML algorithms (with standard deviation)
predicting breast cancer lifetime risk from simulated datasets (n= 1,200) and the U.S.
population-based sample (n=1,143).

Dataset

A.Sim_no_signal

ML:
ML:
ML:
BCRAT Random Logistic
Adapt
Forest Regression Boosting
0.5333

B.Sim_atifical_signal 0.5261
C. Sim_
atifical_signal + 20% 0.5068
missing
D. Sim_
atifical_signal +20% 0.5035
missing + imputation
U.S. populationbased sample

0.6240

ML:
Linear
Model

ML:
K-Nearest
Neighbors

ML:
ML:
ML:
Linear
Quadratic MCMC
Discriminant Discriminant GLMM

0.5016

0.5133

0.5067

0.5015

0.5054

0.5158

0.5133

0.5090

(0.0231)

(0.0271)

(0.0307)

(0.0220)

(0.0211)

(0.0276)

(0.0323)

(0.0210)

0.9308

0.9417

0.9292

0.7859

0.9125

0.9312

0.9188

0.9329

(0.0171)

(0.0103)

(0.0095)

(0.0197)

(0.0109)

(0.0154)

(0.0111)

(0.0087)

0.9275

0.9217

0.9258

0.7807

0.9012

0.9213

0.9104

0.9191

(0.0179)

(0.0259)

(0.0113)

(0.0227)

(0.0120)

(0.0202)

(0.0237)

(0.0210)

0.9167

0.9300

0.9213

0.7824

0.9058

0.9275

0.9121

0.9232

(0.0184)

(0.0111)

(0.0119)

(0.0200)

(0.0117)

(0.0148)

(0.0081)

(0.0099)

0.8889

0.7192

0.8828

0.6813

0.8089

0.8692

0.8675

0.8234

(0.0201)

(0.0314)

(0.0229)

(0.0378)

(0.0217)

(0.0284)

(0.0241)

(0.0189)
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Table 3b. Performance AU-ROC curve of the BOADICEA model and ML algorithms (with
standard deviation) predicting breast cancer lifetime risk from simulated datasets (n= 2,500)
and Swiss clinic-based sample (n=112,587 women from 2,481 families).

Dataset

A.Sim_no_signal

ML:
BOADICE
Random
A model
Forest
0.5103

B.Sim_
atifical_signal

0.5392

C.Sim_
atifical_signal +20%
missing

0.5022

D.Sim_
atifical_signal + 20%
missing +imputation

0.5115

Swiss clinic-based
sample

0.5931

ML:
Logistic
Regression

ML:
Adapt
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Figure 1a. The area under the receiver operating characteristic curves (AU-ROC) for BCRAT
and ML-Random forest approach.
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Figure 1b. The area under the receiver operating characteristic curves (AU-ROC) for
BOADICEA model and ML-Adapt Boosting approach.

ML variable importance rankings
Tables 4a and 4b present the most influential variables in different ML algorithms and the
relative rank of the top five variables in decreasing order. In the U.S. population-based sample,
three of the risk factors included in BCRAT (number of biopsies, age, and number of firstdegree relatives with breast cancer) were the top-ranked risk factors for almost all ML
algorithms, except for LDA. Four ML algorithms (RF, ADA, KNN and MCMC GLMM)
identified number of biopsies as the most important risk factor for discriminatory accuracy
(Table 4a). For the Swiss clinic-based sample, two of the risk factors included in the
BOADICEA model (age, family history) were the top-ranked risk factors for all ML algorithms,
except for KNN and QDA (Table 4b).
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Table 4a. Top five important risk factors in descending order for different ML algorithms based
on the U.S. population-based training samples in 10-fold internal statistical cross-validations
ML:
Random
Forest
Number of
biopsies

ML:
Logistic
Regression
Number of
1st degree
relatives with
breast cancer
Age

ML:
Adapt
Boosting
Number of
biopsies

ML:
Linear
Model
Age

ML:
K-Nearest
Neighbors
Number of
biopsies

ML:
Linear
Discriminant
Age

Age

Number of
biopsies

Number of
1st degree
relatives
with breast
cancer
Age at
menarche

Number of
biopsies

Number of
1st degree
relatives
with breast
cancer
Age at
menarche

Number of
1st degree
relatives
with breast
cancer
Age at
menarche

Number of
1st degree
relatives
with breast
cancer
Age

Ethnicity

Ethnicity

Age at first
live birth

Ethnicity

Age at first
live birth

Age

Ethnicity

Age at first
live birth

ML:
MCMC
GLMM
Number of
biopsies

Number of
biopsies

ML:
Quadratic
Discriminant
Number of 1st
degree relatives
with breast
cancer
Number of
biopsies

Ethnicity

Age

Number of
1st degree
relatives with
breast cancer

Number of 1st
degree
relatives with
breast cancer
Age at first
live birth

Ethnicity

Age at first
live birth

Age at
menarche

Age at
menarche

Age

Table 4b. Top five important risk factors in descending order for different ML algorithms based
on the Swiss clinical-based training samples in 10-fold internal statistical cross-validations.
ML:
Random
Forest
Breast
cancer age
onset
Age

Mutation

ML:
Logistic
Regression
Age

Breast
cancer age
onset
Ashkenazi
Jewish
origin

ML:
Adapt
Boosting
Breast
cancer age
onset
Age

Mutation

ML:
Linear
Model
Age

ML:
K-Nearest
Neighbors
Family
history

ML:
Linear
Discriminant
Age

ML:
Quadratic
Discriminant
Breast cancer
age onset

Breast
cancer age
onset
Ashkenazi
Jewish
origin

Mutation

Breast cancer
age onset

Mutation

ML:
MCMC
GLMM
Breast
cancer age
onset
Age

Age

Mutation

Age

Mutation

Ashkenazi
Jewish
origin

Ovarian
cancer age
onset

Ashkenazi
Jewish
origin

Mutation

Ashkenazi
Jewish
origin

Ashkenazi
Jewish origin

Ashkenazi
Jewish origin

Ovarian
cancer age
onset

Ovarian
cancer age
onset

Mutation

Ovarian
cancer age
onset

Ovarian
cancer age
onset

Ovarian
cancer age
onset

Ovarian
cancer age
onset

Ovarian
cancer age
onset

Ashkenazi
Jewish
origin
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Discussion
We examined whether using ML algorithms could improve breast cancer predictive accuracy
compared to the BCRAT and BOADICEA models. We computed the predictive accuracy of
these two models and eight different ML algorithms using datasets with artificial signals
(datasets B to D) and two observational retrospective datasets from two different countries and
different target samples (population-based versus clinic-based). Compared to BCRAT and the
BOADICEA models, most ML techniques we tested were superior at distinguishing cancer
cases from cancer-free controls. ML algorithms improved significantly the predictive accuracy
of both models from less than 0.65 to about 0.90, especially when tested with real samples. ML
algorithms that produced the best accuracy were ADA followed by RF using variables of
BCRAT, and the MCMC GLMM using variables of the BOADICEA model. The increased
predictive accuracy observed with ML algorithms was not due to additional input variables,
since we used exactly the same risk factors as the BCRAT and the BOADICEA models. Rather,
this was due to inherently better predictive ability of ML algorithms. With supervised learning
approaches, the artificial or natural complexities of each dataset were restored and adhered to
different algorithms with high accuracy. When the datasets were intentionally perturbed by
introducing missing values or performing multiple imputations, the prediction performance of
the ML algorithms remained stable.
Using different simulated datasets allow us to control the input, and assess the caseclassification/prediction results relative to “ground truth.” We simulated Dataset (A) as a “null”
reference case-study. This helps us identify false-positive predictions, because when no signal
exists in the dataset, all approaches should fail to classify the samples. In simulated Datasets
(B), (C), and (D), we created the artificial signals within the datasets to strongly correlate with
the outcome (breast cancer yes/no). This approach allows us to test whether the machine
learning algorithms we used can detect these artificial signals and provide valid and stable
predictions, even when there are missing values. This helps us identify false-negative
predictions.
In the simulated datasets, we assigned estimations (e.g. coefficient or weight) to each risk factor
based on published epidemiological data. Unfortunately, there is no available information about
the underlying estimation of each risk factor used in the BCRAT and BOADICEA models. The
only available information is that these estimations are derived from large cohort studies over
time. Therefore, it is possible that the estimations in the simulated datasets are different from
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the estimations used by the BCRAT and BOADICEA models, which may explain the
underperformance of the later models to predict the class in the simulated datasets. Moreover,
the simulated datasets have oversimplified artificial signals, which makes it relatively easier for
the more general approaches of machine learning to pick up a signal and identify features in the
controlled simulated data than in real datasets. Thus, the machine learning-based algorithms
showed opposite trends on simulated data compared to the model-based methods. Finally, the
simulated datasets were not used for a comparison between the machine learning algorithms
and the BCRAT or the BOADICEA model. The main purpose of using simulated datasets was
to compare predictions between different machine learning algorithms and the stability within
each machine learning method.
Ranking importance of variables in each model was consistent with our expectations. Biopsy
testing indicated suspicious cell abnormality. Number of 1st degree relatives affected with breast
cancer as well as cancer age onset in a family pedigree can partially reflect the common
environmental exposures, inherited information and lifestyles. We observed variations and
similarities in the importance of risk factors depending on the core algorithms in each ML
approach and variable types. ADA and RF were both based on decision trees and resembled
closely in variables and ranking. QDA placed more importance on categorical variables, e.g.,
number of first-degree relatives with breast cancer, while LDA placed more importance on
continuous variable, e.g., age in both comparisons. This finding has implications for future
research aiming to develop a new breast cancer risk prediction model, incorporating established
and newly evaluated risk factors.
As firm supporters of “open-science”, we have packaged, documented, and distributed the
complete end-to-end R-protocol used the generate the synthetic data and perform all data
analytics reported in this manuscript. We have shared the protocol via GitHub
(https://github.com/SOCR/ML_BCP/).

Strengths and Limitations
The inclusion-exclusion selection criteria of the U.S. and the Swiss datasets may have
influenced the association between observed variance and outcomes. In the U.S. populationbased sample, YBCS had fewer affected relatives than their cancer-free relatives. Thus, number
of affected relatives was detected as an important variable but without external validity in
interpretation. Interpretability of the function modeled by ML algorithms is only partially
limited by the “black-box” nature of ML algorithms in our study because we included a limited
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number of well-established breast cancer risk factors. However, the inherent complexity of how
risk factors interact with each other, their independent effect on the outcome, and how effect
sizes are determined within each ML algorithm is not known.
Significant strengths of the study include the novelty of the approach i.e., applying ML
algorithms in individual breast cancer risk prediction and comparing predictive accuracy with
existing models. The improvement achieved with ML algorithms in accurate classification of
women with and without breast cancer compared to the state-of-the-art model-based approaches
was striking. We demonstrated a range of ML algorithms with cross-validations, which is
lacking in other applications of ML for cancer prognosis (32). Different ML algorithms for
feature selection and classification showed great adaptability and discriminatory accuracy in
our study by handling multidimensional and heterogeneous data. Ranking variable importance
may inform algorithm selection with diverse predictive risk factors for future development of
new risk prediction models.

Conclusions
Predictive models are essential in personalized medicine because they contribute to early
identification of high-risk individuals based on known epidemiological and clinical risk factors.
Accurate breast cancer risk estimates can inform clinical care and risk management across the
breast cancer continuum, e.g., behavioral changes, chemoprevention, personalized screening,
and risk-stratified follow-up care. Available risk prediction models have an overall accuracy
less than 0.65. ML approaches offer the exciting prospect of achieving improved and more
precise risk estimates. This is the first step in developing new risk prediction approaches and
further explore diverse risk factors. ML algorithms are not limited to a specific number of risk
factors but have the flexibility to change or incorporate additional ones. The improvement in
predictive accuracy achieved in this study should be further explored and duplicated with
prospective databases and additional risk factors, e.g., mammographic density, risk factors in
IBIS Breast Cancer Risk Evaluation Tool and polygenic genetic scores. Improvements in
computational capacity and data management in healthcare systems, can be followed by
opportunities to exploit ML to enhance risk prediction of disease and survival prognosis in
clinical practice (52).
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Abstract
Background
The clinical utility of Machine-Learning (ML) algorithms for breast cancer risk prediction and
screening practices is unknown. We compared classification of lifetime breast cancer risk based
on ML and the BOADICEA model. We explored differences in risk classification and their
clinical impact on screening practices.

Methods
We used three different ML algorithms and the BOADICEA model to estimate lifetime breast
cancer risk in a sample of 112 587 individuals from 2 481 families from the Oncogenetic Unit,
Geneva University Hospitals. Performance of algorithms was evaluated using the Area under
the Receiver Operating Characteristic (AU-ROC) curve. Risk reclassification was compared for
36 146 breast cancer-free women ages 20-80. Impact on recommendations for mammography
surveillance was based on the Swiss Surveillance Protocol.

Results
The predictive accuracy of ML-based algorithms (0.843≤AU-ROC≤0.889) was superior to
BOADICEA (AU-ROC=0.639) and reclassified 35.3% of women in different risk categories.
The largest reclassification (20.8%) was observed in women characterized as ‘near population’
risk by BOADICEA. Reclassification had the largest impact on screening practices of women
younger than 50.

Conclusion
ML-based reclassification of lifetime breast cancer risk occurred in approximately one in three
women. Reclassification is important for younger women because it impacts clinical decision
making for the initiation of screening.

Keywords: Prediction model, cancer risk assessment, secondary cancer prevention, breast
cancer, machine learning, artificial intelligence
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Introduction
Breast cancer is the most common malignancy affecting women worldwide and the fifth leading
cause of cancer death (1). In Switzerland, about 6 000 women are diagnosed with breast cancer
each year and more than 1 350 die from the disease (2). Most established risk factors, i.e., age,
family history, genetic predisposition, hormone and reproductive factors, and history of benign
breast disease are not applicable for primary prevention to reduce breast cancer incidence and
mortality (3). Survival of breast cancer patients in the past decades has mostly improved through
screening, especially if tumors are diagnosed at early stages, and through advances in
therapeutic approaches (3-5). Breast cancer remains a public health problem and early detection
is currently the best option to reduce its impact.
Breast cancer screening with biennial mammograms for women 50 to 74 years old has been
recommended by the U.S. Preventive Services Task Force since 2009 (6, 7). In Europe,
nationally-organized screening programs began around 1985 in the Nordic countries and the
United Kingdom, followed by other European countries (8, 9). Most of these programs target
women from 50 to 69 years old for screening (10). In 1995, the Swiss Federal Office of Public
Health and the Swiss Cancer League adopted a national program recommending biennial
mammography screening for women over 50 years old (2, 11). In 2013, the Swiss Cancer
League adopted the UK NICE Clinical Guidelines, which recommend screening with
mammography and MRI based on women’s risk classification. The guidelines classify women
into moderate (17%≤ lifetime risk <30%) or high (lifetime risk ≥30%) breast cancer risk
calculated with the BOADICEA model based on different scenarios of family history (12, 13).
Age over 50 years is the sole risk factor considered for entering a population-based screening
program (14). However, about 25% of all breast cancers are diagnosed in younger women (15,
16). Moreover, mammography is less effective as a screening tool for younger women, who are
more likely to have dense breast tissue, compromising the efficiency of routine mammograms
in this age group. This contributes to diagnostic delays and increased morbidity and mortality
(16, 17). In the era of personalized medicine, a screening strategy based on individual breast
cancer risk may improve the benefit-harm ratio of mammography and may increase the
efficiency of screening programs (18, 19). Many medical societies and professional groups
proposed that risk-based screening would be more effective, less morbid, and more costeffective (3, 19-24).
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Although many models are used to predict breast cancer risk, such as the Breast Cancer Risk
Assessment Tool (BCRAT, also referred as the Gail model), the International Breast
Intervention Study (IBIS) model, the Breast and Ovarian Analysis of Disease Incidence and
Carrier Estimation Algorithm (BOADICEA model) (25-27), no consistent model has been
incorporated into routine clinical practice and/or screening programs due to limited
discriminatory accuracy and applicability. The discriminatory ability, area under the Receiver
Operating Characteristics (ROC) curve, of these models is between 0.53 and 0.64 (26, 28-31).
A comprehensive risk prediction model with an improved discriminatory power to classify
women into clinically meaningful risk groups will enable targeting high risk women, while
reducing interventions in those at low risk.
Machine-learning (ML) algorithms offer an alternative approach to standard prediction modeling
that may address current limitations and improve accuracy of breast cancer prediction models (32,
33). A series of ML techniques, including our own work, have been developed and used in breast
cancer prediction and prognosis, demonstrating that the application of ML methods could
improve the prediction accuracy of cancer susceptibility, recurrence, and survival models (3439). Previous studies presented the discriminatory accuracy, sensitivity, specificity and
calibration performance of different ML algorithms. However, clinical utility, in terms of
potential clinical consequences of using new ML prediction models, is rarely examined. The
objective of the current study is to assess the impact of using ML-based breast cancer risk
prediction on screening practices. Using data from a large clinical population, we quantified
performance measure and reclassification of lifetime breast cancer risk generated from ML
algorithms and from the BOADICEA model. We also examined the clinical impact of
reclassification of breast cancer risk on screening practices based on the Swiss Surveillance
Protocol (13).

43

Methods
Swiss clinic-based retrospective data
The Oncogenetic Unit at the Geneva University Hospitals has been offering genetic counseling
and testing for hereditary cancer syndromes since 1994 to patients and asymptomatic individuals
concerned by their family history. Common reasons for genetic consultation are familial
aggregation of breast or colorectal cancer or suspicion of hereditary cancer syndromes, mainly
due to breast, ovarian or colon cancer. For each individual seen in consultation, demographic,
personal, and family history, previous genetic test results, and a detailed family pedigree are
collected and recorded with the “Progeny” software (40). The study was carried out in
accordance with the Declaration of Helsinki. Data used in this study was collected as part of
routine medical records. Institutional and/or national research ethic committees have approved
the data collection and management processes. Informed consent was obtained from all
participants included in the study.
For the purposes of this study, information regarding pathology reports, archived tumor tissue,
and cancer treatment were extracted from medical records for cancer patients and affected
relatives, whenever possible. Data from genetic consultation records and Progeny files were
extracted with R packages ‘tm’ and ‘gdata’ (41). Extracted data was suitable for risk calculations
with the BOADICEA model for multiple female members from each family. There were about
13% missing values. BRCA1/BRCA2 status, estrogen receptor and progesterone receptor status
contributed 11%. In addition to “positive” and “negative", missing values for BRCA pathogenic
variants and hormone receptors testing were characterized as “unknown” in subsequent analyses.
This approach is also consistent with the flexibility of the BOADICEA model in handling
missing information.

BOADICEA model classification
Lifetime risk predictions were generated with the web-based batch processing from the
BOADICEA web application (version 3.0) using data from 2 481 families with 112 587
family members. The lifetime breast cancer risk for each woman in every family was calculated
using data from all other family members and by assigning every female family member once,
as the targeted woman for risk calculation.
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ML risk classifications
We generated breast cancer lifetime risk predictions for all female members within each family.
Based on previous reports of method reliability, effectiveness, and performance in identifying,
tracking, and exploiting salient features in similar samples with same data structures, we
selected three ML algorithms i.e., Markov Chain Monte Carlo generalized linear mixed model
(MCMC GLMM) (42), adaptive boosting (ADA), and random forest (RF) (32, 34, 42-45). The
input for the ML algorithms used identical risk factors as the ones included in the BOADICEA
model in order to have fair comparisons among the different risk prediction models. Variables
included in each comparison are presented in Supplementary Table 1.
In our supervised classification, we rebalanced the breast cancer patients and cancer-free
controls to reduce potential bias with the R packages ’unbalanced’ (Racing for Unbalanced
Methods Selection) and “SMOTE” (Synthetic Minority Over-sampling TEchnique) (46, 47).
SMOTE implements known ML techniques to adaptively select the most appropriate strategy
for a given unbalanced task. To ensure the reliability of ML predictions and the consistency of
the forecasts, we used 10-fold cross-validation with 20 repetitions. This strategy provides a
powerful preventative measure against model overfitting (48-50).

Comparisons of performance measure and classification
BOADICEA cannot be applied for females older than 80 years, for males, and for deceased
individuals. Thus, we excluded all predictions generated for those individuals when we
compared the performance of ML algorithms to the BOADICEA model. The performance of
BOADICEA was evaluated from n=45 110 women using the Area Under the Receiver
Operating Characteristic curve (AU-ROC), while the performance of ML techniques is
presented with the mean AU-ROC from 10-fold cross validations.
According to Swiss Surveillance Protocol, we applied the following cutoffs for lifetime breast
cancer risk: < 17% as near population risk; ≥17% and < 30% as moderate risk; and ≥ 30% as
high risk. We excluded women who were under 20 years old or had been diagnosed with breast
cancer to be consistent with the clinical utility of the protocol. We estimated differences in breast
cancer risk classification using the BOADICEA model and the best performing ML algorithm,
based on data from n=36 146 breast cancer-free women.
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Statistical Analyses
Frequencies, percentages, means and standard deviations were used to describe the
demographics and clinical characteristics of 36 146 breast cancer-free women. We present
classifications by age and risk categories using the BOADICEA model as the reference standard.
Differences in classification for mammography surveillance according to the Swiss Surveillance
Protocol were calculated for the moderate risk and high risk groups.

Results
A consort flow diagram (Figure 1) presents sample acquisition, prediction, classification, and
surveillance status, and the overall process of methodology and materials.
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Recruitment

Figure 1. Consort flow diagram of the whole cohort with breast cancer risk-based classification.
Geneva University Hospitals
Cancer genetic database

From 1998 to 2017
2 481 families with total 112 587 individuals

Prediction

3 ML algorithms training and testing

Excluded
• Deceased
• Male
• Age > 80

BOADICEA batch processing

ML performance: 10-fold cross validation mean AU-ROC
BOADICEA performance: AU-ROC
N = 45 110

Excluded
• Had breast cancer
• Age < 20

• BOADICEA model predictions
• ML based predictions

Near population risk
Life time risk < 17%

Surveillance

Classification

36 146 breast cancer-free female individuals

Moderate risk
17% ≤ Life time risk< 30%

High risk
Life time risk ≥ 30%

Clinical impact on mammography surveillance based on
Swiss Surveillance Protocol

Model performance
The mean age of the 45 110 women was 49.82 (±11.02) years old. There were 4911 breast
cancer patients with average age onset at 51.76 (±9.79) years old. Among them 554 had a second
breast cancer diagnosis. There were 119 cases with first-ductal carcinoma in situ (DCIS). Table
1 presents the performance comparison of the three ML algorithms compared to the
BOADICEA model. Using the same risk factors, the accuracy of ML techniques was superior
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to the BOADICEA model for the Swiss clinic-based samples. Predictive accuracy reached 88.9%
using ADA, 85.1% using MCMC GLMM and 84.3% using RF versus 63.9% using the
BOADICEA model, showing an approximately 20-25% increase in accuracy. Figure 2 presents
the ROC curves that visualize the accuracy improvement between the BOADICEA model and
ADA, which was the best performing ML approach.
Table 1. Performance by Area Under the Receiver Operating Characteristic Curve (AU-ROC)
of the machine-learning (ML) algorithms predicting breast cancer lifetime risk derived from 10folder cross validations compared to the BOADICEA model. N= 45 110 female individuals.
AU-

Standard

95% Confidence Interval

ROC

Deviation

LCL

UCL

BOADICEA

BOADICEA

0.639

-

-

-

-

ML-ADA

0.889

0.005

0.885

0.903

+25.0%

0.851

0.006

0.847

0.856

+21.2%

0.843

0.008

0.838

0.849

+20.4%

Algorithms

ML-MCMC
GLMM
ML-RF

Absolute Change from

MCMC GLMM: Markov Chain Monte Carlo generalized linear mixed model; ADA: adaptive boosting; RF:
random forest; LCL: lower confidence limit; UCL: upper confidence limit
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Figure 2. Receiver Operating Characteristic (ROC) curves of the ML-Adapt Boosting and
BOADICEA model predicting breast cancer lifetime risk, N= 45 110 female individuals.

Breast cancer-free women
Table 2 presents demographic and clinical characteristics of the Swiss clinic-based sample.
Among n=36 146 breast cancer-free women, 2 617 (7.24%) had a diagnosis of another type of
cancer. In the total sample, only few breast cancer-free women (462; 1.3%) were tested for
BRCA1 and/or BRCA2 germline pathogenic variants including both complete testing and
targeted testing. Most of these women had a targeted genetic testing, i.e. the search for a
pathogenic variant previously identified in the family, since consultations were limited to
situations that are highly suggestive for a hereditary syndrome and, whenever possible, genetic
testing was offered first to breast cancer patients belonging to the family.
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Table 2. Characteristics of the breast cancer-free female cohort. N=36 146 individuals.
Breast cancer-free female cohort
Demographics and clinical characteristics
N=36 146 (% or ± SD)
Age (years)

51.09 ± 15.35

Age at menarche (years)

12.82 ± 1.51

Age at first live birth (nulliparous excluded; years)

24.10 ± 5.03

Parity (nulliparous excluded)

1.92 ± 1.32

Age at menopause (premenopausal women excluded; years)

47.94 ± 6.68

Ashkenazi Jewish ancestry

239 (0.66%)

Ethnicity (Black)

828 (2.29%)

BRCA1 or BRCA2 germline pathogenic variants

115 (462 tested)

Cancer diagnosis (all types)

2 617 (7.24%)

age at cancer onset (years)
Colorectal cancer
age at colorectal cancer onset (years)
Lung/bronchus cancer
age at lung/bronchus cancer onset (years)
Pancreatic cancer
age at pancreatic cancer onset (years)
Ovarian cancer
age at ovarian cancer onset (years)

57.44 ± 15.96
574 (1.59%)
61.63 ± 17.19
153 (0.42%)
62.01 ± 26.18
136 (0.38%)
66.85 ± 22.94
508 (1.40%)
55.96 ± 22.84

Classification comparison
When using the BOADICEA model as the reference standard, and based on the lifetime breast
cancer risk cutoffs from the Swiss clinical guidelines, 58.8% of all samples were categorized as
near population risk, 32.3% as moderate risk, and 8.8% as high risk (Table 3). Compared to the
BOADICEA model, ML-ADA classified 7 968 women into high risk group, which is an
increase of 4 790 samples. ML-ADA also classified 16 465 women into near population risk
group, which is a decrease of 4 818 samples compared to the BOADICEA model. Concordance
between the BOADICEA model and ML-ADA was approximately 60% in the near population
and the moderate risk groups, while it was 87.95% in the high risk group. ML-ADA classified
9 595 women (26.55%) to a higher risk group and 3 174 (8.78%) women to a lower risk group.
When we combined Table 3 with the Swiss Surveillance Protocol, we identified an additional 2
469 (14.83%) women younger than 50 who needed early onset screening.
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Table 3. Comparisons of lifetime risk classification between ML-Adapt Boosting (ML-ADA)
algorithm and the BOADICEA model (reference standard) for the breast cancer-free cohort.
N=36 146.

Risk

Age

Near population risk

Moderate risk

High risk

BOADICEA risk <17%

17%≤ BOADICEA risk<30%

BOADICEA risk ≥ 30%

N=21 283

N=11 685

N=3 178

ML-

17%≤

ML-

ML-

17%≤

ML-

ML-

17%≤

ML-

ADA

ML-ADA

ADA

ADA

ML-

ADA

ADA

ML-

ADA

<17%

<30%

≥30%

<17%

ADA

≥30%

<17%

ADA

≥30%

<30%
20-29

<30%

2 181

430

215

372

1 050

233

17

41

420

2 069

645

430

407

989

256

18

34

429

2 466

832

625

442

1 191

326

20

44

464

2 681

899

751

535

1 243

337

25

49

505

2 037

745

849

570

1 326

349

23

43

494

2 116

871

441

465

1 233

361

21

48

483

Total

13 550

4 422

3 311

2 791

7 032

1 862

124

259

2 795

Concordance

63.67%

-

-

-

60.18%

-

-

-

87.95%

Reclassification

-

20.78%

15.56%

23.89%

-

15.93%

3.90%

8.15%

-

(n=4 959)
30-39
(n=5 277)
40-49
(n=6 410)
50-59
(n=7 025)
60-69
(n=6 436)
70-80
(n=6 039)

-

Does not apply

Clinical impact on mammography surveillance
Table 4 presents the overall number differences in mammography surveillance when applying
the BOADICEA and ML-ADA models, and based on the Swiss Surveillance Protocol. For
women 40-59 years old, ML-ADA grouped additional 184 women in the moderate risk group,
suggesting annual mammography surveillance. ML-ADA grouped an additional 4 790 women
in the high risk group, among which 2 535 women were between 30-59 years old, suggesting
annual mammography, and 1 865 women older than 60 years, suggesting biennial
mammography.
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Table 4. Clinical impact on mammography screening based on Swiss Surveillance Protocol.
Age

Breast cancer risk categories
Moderate risk

High risk

17-29% lifetime risk

≥30% lifetime risk

ML-ADA

BOADICEA

Difference

ML-ADA

BOADICEA

Difference

20-29

1 521

1 655

-134

868

478

390

30-39

1 668

1 652

16

1 115

481

634

40-49

2 067

1 959

108

1 415

528

887

50-59

2 191

2 115

76

1 593

579

1 014

60-69

2 114

2 245

-131

1 692

560

1 132

70-80

2 152

2 059

93

1 285

552

733

Total

11 713

11 685

28

7 968

3 178

4 790

Legend
No Mammography
Annual Mammography
Biennial Mammography

Discussion
We used a novel approach to identify individuals at increased risk of breast cancer by using ML
algorithms. We analyzed family history, cancer pathology and clinic-demographic data from a
large retrospective dataset of n=112 587 individuals from 2 481 families. We examined whether
ML algorithms could improve predictive accuracy for breast cancer compared to the
BOADICEA model. We also quantified differences in risk classification and the impact on
screening between these two techniques based on the Swiss Surveillance Protocol. Compared
to the BOADICEA model, all three ML techniques were superior at distinguishing cancer cases
from cancer-free women and improved the predictive accuracy by 20% to 25% using exactly
the same risk factors as the BOADICEA model. These findings clearly demonstrate the
inherently better predictive ability of ML algorithms.
About one in four women were classified to a higher risk group compared to the BOADICEA
model. Given that ML approaches achieved much higher discriminatory accuracy, some
women’s breast cancer risk would have been underestimated when using the BOADICEA
model, while one in eleven women’s risk would have been overestimated. When taking into
account the Swiss Surveillance Protocol, the major discordance for mammography surveillance
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was observed for the high risk group. About 10-15% women 30-80 years old were under
screened when using the BOADICEA model compared to ML-ADA.
Consistent with other national screening programs, the Swiss national breast cancer screening
program is based on age alone, starting at 50 years old. This approach will miss some breast
cancers in moderate and high risk women 40-49 years old and in high risk women 30-49 years
old. The development and implementation of risk-based breast cancer control and prevention
strategies have important public health implications. Common risk estimation models, like the
BOADICEA model, are currently used in clinical practice to provide evidence for adjustment
of screening, i.e. more frequent mammographic screening and initiation at a younger age.
However, low discriminatory accuracy has greatly limited the clinical utility of these models.
At the population level, ML algorithms have reached high sensitivity and can be implemented
to identify high-risk women who should initiate earlier breast cancer screening. At the individual
level, the decision for preventive interventions, such as prophylactic mastectomy or use of
tamoxifen as a risk reducing agent, is influenced by a woman’s individualized breast cancer risk
estimate. When using ML, one in three women were classified into different risk categories
compared to the BOADICEA model, which may lead to different preventive interventions.
Given that breast cancer screening guidelines were established after the release of several
commonly used risk prediction models, including BOADICEA, the guideline cutoffs (risk
categorization) has been greatly influenced by these models. According to several validation
studies of the BOADICEA model, about 80-90% of women were classified as having a lifetime
breast cancer risk between 5 to 25% (near population or moderate risk) (25). This risk
distribution was also observed in our study. However, using a 17% cutoff within a non-disperse
risk distribution may have resulted in low discriminatory accuracy for women around that cutoff
(17% or “near population risk”). When we reclassified women with ML algorithms, applying
cutoffs of 17% and 30% resulted in shifting relatively large proportions of women between
different risk groups. This indicates that for ML algorithms characterization of different risk
groups (i.e. near population, moderate, or high risk) should be probably based on different
cutoffs, based on a clinically meaningful decision of their sensitivity and specificity (51).
There are several barriers for using risk prediction models in a wide variety of settings. First,
each risk prediction model uses different risk factors. The panel of risk factors used in the
development of each model limits its applicability and validity in broader segments of the
population. ML models can be applied in medical consultation contexts where similar data
inputs were collected. Currently, the most feasible way of following the Swiss Surveillance
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Protocol is through consultation with a medical specialist. In this context, clinical decisions
about risk management options are likely influenced by risk calculations from such prediction
models. Secondly, existing infrastructures for collection and assessment of clinical data limits
the development of risk prediction models and their generalizability in broader segments of the
population. ML approaches have the potential to achieve better accuracy and can incorporate
different types of information, including mammographic images, family history, germline
genetic data and clinical factors. However, currently there are no comprehensive systems that
incorporate data from such diverse sources, e.g., screening programs, medical consultations,
medical records, etc. In order to develop a risk prediction model that can be used to enhance
national screening programs, the usefulness of accessible risk factors from screening practice
e.g., breast density, previous benign breast disease etc. should be assessed. Based on the
predictive ability of each risk factor, and the feasibility of collecting relevant data in the
screening setting, a parsimony panel of risk factors would be applied in ML modeling to develop
a comprehensive model that supports effective clinical decision-making. However, limited
resources have been invested into this promising new analytic approach.

Strengths and limitations
Our results are reliable because we used a limited number of well-established breast cancer risk
factors without feature selection and relatively non-complex ML models, which helps mitigate
the “black-box” nature of ML algorithms. They are also reliable due to the large sample size,
completeness, and high accuracies of the data. Our models have been evaluated for internal
validity, since we have reproduced similar accuracy performance in this study compared to our
previous study (34). They have been partially evaluated for external validity using internal
statistical cross-validation, a process where each fold iteration relies on separate and
independent training and testing datasets. For fully assessing the external validity we need to
evaluate prospective samples from populations intrinsically different from the development
sample, in respect to location, time, or methods/criteria used for data collection, which is a
gradual process commonly applied to prediction models (26, 30). Current screening guidelines
already incorporate risk estimates from existing prediction tools based on inputs from medical
consultation contexts. Thus, it is important to study the potential clinical utility of ML as a
promising alternative analytic approach, even with limited information from screening practice.
Finally, breast cancer surveillance guidelines define “population level risk” as having a lifetime
risk <17% calculated from the BOADICEA model. This risk estimate does not necessarily mean
“low” risk in the general population due to potential misclassifications. In our reclassification
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results, the BOADICEA model classified 21,293 (58.9%) samples to population level risk. Thus,
our sample is “suitable” for the comparison and covers sufficiently women with a wide range
of risk estimates based on current recommendations.
One limitation of the study is that the performance of our approaches was evaluated with k-Fold
cross validation process in the same dataset, which could result in an optimistic model
performance. However, the k-Fold cross validation process generally results in a less biased or
less optimistic estimate of the model skill compared to other commonly used methods, e.g.
simple train/test split (52). Moreover, we used retrospective cross-sectional data, which limits
the ability of ML algorithms to generate 5- or 10-year risk estimates. Analyzing prospective
longitudinal data with ML algorithms may reveal additional implications for clinical decision
support.
In summary, we calculated lifetime breast cancer risk with ML algorithms and compared their
discriminatory accuracy, classification, and impact on mammography screening to the
BOADICEA model and according to the Swiss Surveillance Protocol. Differences in
classification and impact on breast cancer surveillance were considerable. The ability of our
model to detect individuals with high suspicion of breast cancer, should be further evaluated
with other datasets and prospective samples. Future studies can enhance the performance of ML
algorithms through incorporation of additional clinical data such as lifestyle, medications, breast
images, exact histology of benign breast diseases and co-morbidities (36, 37, 53). Future studies
can also include resources rearrangement involving health policymakers and other stakeholders,
in terms of cost effectiveness and adaptability in different clinical setting. A prospective clinical
trial would provide more functional and extended evaluation of the performance of ML
algorithms, and findings can be compared to ongoing personalized breast cancer screening trials
like “My PeBS” and “WISDOM” (54, 55).
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Supplementary Table 1. Input variables in the AI/ML and BOADICEA models.
Variables used in

Variables used in ML-based

BOADICEA model

model

✓

✓

Age (or age at death)

✓

✓

Gender

✓

✓

Vital status

✓

✓

Ashkenazi Jewish ancestry

✓

✓

Ovarian cancer diagnosis and age of onset

✓

✓

Prostate cancer diagnosis and age of onset

✓

✓

Pancreatic cancer diagnosis and age of

✓

✓

Breast cancer diagnosis and age of onset

✓

✓

Contralateral breast cancer diagnosis and

✓

✓

✓

✓

✓

✓

✓

✓

BRCA/BRCA2 germline pathogenic variant ✓

✓

Variables list
Family pedigree (beyond 2nd degree relatives
contained affected and unaffected members
from both maternal and paternal side)
including:

onset

age of onset
Estrogen receptor status (for breast cancer
only)
Progesterone receptor status (for breast
cancer only)
HER2 status (for breast cancer only)
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Chapter VI
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We appreciate the opportunity to submit a response to the Letter to the Editor by Giardiello and
colleagues (1) addressing our publication in Breast Cancer Research (2).
Giardiello and colleagues mentioned that our ML models were not specific for survival data.
BCRAT/BOADICEA were developed and validated using survival data with binary outcomes
and retrospective case control/cross-sectional data, respectively (3). Their clinical application
requires only cross-sectional data. Our ML models included the same risk factors and data
structure in each comparison as BCRAT/BOADICEA. To avoid exaggerating the function of
ML models, we generated the probability of whether a woman at a given age would develop
breast cancer in her life, and not specific time frame risks (5-year or 10-year risk).
Giardiello and colleagues mentioned that our validation process was unfair because we applied
only internal validation processes. Cross-validation is not equivalent to internal validation; it is
a statistical out-of-sample testing technique, which pools the results across many iterations,
while each fold and each iteration do not blend training and testing data. A slight bias (aka
surrogate problem) occurs because the cross-validation training sets are smaller than the
original dataset. A 10-fold cross-validation relies on training sets that include 90% of the
original dataset. In our study, this translated into two considerable sample sizes, n 1=1,029 from
the US population-based data and n2=2,233 from the Swiss clinic-based data. This lowersample-size bias often translates into more conservative fit/prediction estimates (4).
Giardiello and colleagues mentioned that a fair comparison of the final models requires
reporting parameter estimates and calibration. Reporting parameter estimates and their
confidence intervals in the final model is not always possible (5). We generated 80 parameter
estimates for each risk factor based on different ML algorithms and different cross-validation
summary approaches. The interpretation and usefulness of these parameter estimates for each
risk factor is limited without reference values from BCRAT/BOADICEA. Moreover,
better/worse calibration does not lead to better/worse class-based or probability-based
predictions (6). Calibration comparisons was not our aim. ML may generate “aggressive”
prediction calibration for minor classes due to “increased” sample size through rebalancing
processes. Several recalibration methods can be applied and significantly improve some of the
ML calibrations and predicted probabilities (6), making calibration comparisons of ML to
BRCAT/BOADICEA unfair. Calibrated predicted probabilities should also fit clinically
meaningful sensitivity and specificity for patient stratification, instead of one cut-off (cancer/no
cancer) (7).
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A prediction model cannot be developed, validated and tested for utility at once. However, the
development and validation of our ML models improved model predictive accuracy efficiently
i.e., using less time and fewer resources. Investing into promising new analytic approaches
would improve research in the field of disease prediction and significantly further our
knowledge about the potential application of ML in personalized medicine.
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Chapter V

General Discussion

67
The following chapter summarizes the main findings of the thesis and discusses the
contribution to precision medicine especially ML-based breast cancer risk prediction in clinical
practice, and the significance of findings in providing important implications to risk-stratified
cancer prevention and future research.
To address limitations of using breast cancer risk prediction models in clinical practice
stemming from their low accuracy, we first examined whether using ML algorithms could
improve breast cancer predictive accuracy compared to the BCRAT and BOADICEA models.
Most ML techniques we tested were superior compared to BCRAT and the BOADICEA
models at distinguishing cancer cases from cancer-free controls. ML algorithms significantly
improved the predictive accuracy of both models from around 0.65 to about 0.90, when using
exactly the same risk factors as the BCRAT and the BOADICEA models. This implicates
inherently better predictive ability of ML algorithms. We further extended the work to a much
larger sample size and found that ML-based models remained superior to the BOADICEA
model, consistently improving accuracy by 20-25% as the first study. The most interesting
finding is that one in three cancer-free females were reclassified to different risk categories
when using ML estimation. If taking into account the Swiss Surveillance Protocol (1, 2), 1015% of women were under-screened, especially impacting younger women who should initiate
earlier breast cancer screening.

Significance
The World Health Organization (WHO) has emphasized the importance of improving medical
data repositories via data mining since 1997 as it benefits medical diagnosis and prediction (3).
Our study samples were collected from heterogeneous data sources (intervention cohort,
consultation records, pedigree building software, hospital admission files, and testing reports).
The success of obtaining this large, high-quality data, analyzing it, and translating findings to
knowledge in this thesis is encouraging and proved the feasibility of using data mining for
complex clinical applications. We picked the BCRAT and BOADICEA models, as they
represent top achievements from state-of-the-art modeling in this field. The first model is based
on classic risk factors and the latter is based on family history and genetic risk factors. Both
models are most commonly used in clinical practice and have already been integrated into
clinical guidelines, guiding medical decision making for women around the world. We
thoroughly tested the capacity of several ML algorithms in breast cancer risk prediction with
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multiple datasets (simulated and clinical) and achieved consistent results from both studies.
Using the cross-validation process in multiple datasets for a range of ML algorithms, we
created good internal validity and partial external validity, which is lacking in other
applications of ML for disease prediction (4, 5). From simulated datasets, we tested whether
ML algorithms can detect these artificial signals and provide valid and stable predictions, even
when there were missing values. We used a limited number of well-established breast cancer
risk factors without feature selection and relatively non-complex ML models, which helps
mitigate the “black-box” nature of ML algorithms. Moreover, the ranking importance of risk
factors gave a good insight into “black box”, which provides implications for future model
development. This is the first study quantifying the impact of ML in breast cancer personalized
risk prediction by combining risk classification with a screening protocol. Our sample
sufficiently covers women with a wide range of risk estimates from near population risk to
high risk based on a current screening protocol, indicating that the sample is “suitable” for the
comparison. Finally, we have shown how ML approaches can be developed and lead to
improved complex disease prediction. Our model can help incorporate established knowledge
about disease into future personalized healthcare.

Limitations
For fully assessing the external validity of ML algorithms we need to evaluate prospective
samples from populations intrinsically different from the development sample, with respect to
location, time, or methods/criteria used for data collection, which is a gradual process
commonly applied to prediction models (6, 7). The input samples for risk reclassification were
coming from a single-site genetic consultation setting, which included information that cannot
be accessed in breast cancer screening settings. This limits the utility of our models in screening
settings, i.e. when women undergo mammogram surveillance. However, for now the only
feasible way of following personalized breast cancer surveillance guidelines is through
consultation with a medical specialist using existing prediction tools like BOADICEA. Thus,
it is important to study the potential clinical utility of ML as a promising alternative analytic
approach. We cannot completely avoid the “black box” nature of ML approaches. Although
we have used well-established risk factors and shown the importance ranking of those factors
to mitigate this issue, we could not fully detail the inherent complexity of how risk factors
interact with each other. Moreover, we used retrospective cross-sectional data, which limited
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the ability of ML algorithms to generate 5- or 10-year risk estimates. Analyzing longitudinal
data with ML algorithms may reveal additional implications for clinical decision support.

Future research
Predictive models are essential in personalized medicine as they contribute to early
identification of high-risk individuals. Improvements in computational capacity and data
management integrated into healthcare systems create opportunities for ML to enhance risk
prediction of disease in clinical practice (8). Accurate breast cancer risk estimates can inform
clinical care and risk management across the whole breast cancer continuum, e.g., behavioral
changes, chemoprevention, personalized screening, prognosis, and risk-stratified follow-up
care.
Currently, each risk prediction model uses different risk factors. The panel of risk factors used
in the development of each model limits its applicability and validity in broader segments of
the population. ML algorithms are not limited to a specific number of risk factors but have the
flexibility to change or incorporate additional ones. Different ML algorithms with feature
selection have shown great adaptability and discriminatory accuracy. Future studies should
fully access its adaptability by applying ML in different input settings and incorporating
diverse predictive risk factors (e.g., modifiable risk factors, mammographic density, risk
factors in IBIS Breast Cancer Risk Evaluation Tool and polygenic genetic scores) (9). For
example, ML approaches could be integrated directly in screening settings for the general
population by incorporating easily accessible screening data (e.g. previous mammographic
images). Future studies would need to first assess the usefulness of accessible risk factors and
then, based on their predictive ability, develop a parsimonious panel of easily accessible risk
factors. More importantly, external validation with independent longitudinal datasets will
greatly enhance the model function (5- and 10- year risk estimations instead of lifetime risk)
and generalizability. Last but not least, there are no comprehensive systems that incorporate
data from diverse sources, e.g., screening programs, medical consultations, medical records,
etc. Future studies should also address data collection and sharing infrastructures for clinical
data to simplify the development of risk prediction models and to improve their utilities in
specific clinical settings (e.g., in national screening programs).
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Model calibrations were not targeted in this thesis, as several recalibration methods could be
applied and significantly improve some of the ML calibrations and predicted probabilities,
which could make the comparison with other models unfair (10). Meanwhile, the guideline
cutoffs (risk categorization) have been greatly influenced by current models. Future studies
should use calibrated predicted probabilities to find clinically meaningful sensitivity and
specificity, namely new cutoffs, for patient stratification, instead of one cutoff (e.g. using the
joint distribution of screening test scores and the odds of disease instead of cancer/no cancer)
(11). Besides cutoffs, different settings like mammogram screening programs and medical
consultation, need different resources arrangements which involve health policymakers and
other stakeholders. The comprehensive evaluation of cost-effectiveness and adaptability for
adding prediction models to each setting need to be further studied.
My future efforts focus on continuing work regarding the development and external validation
of ML-based risk prediction with prospective data involving additional risk factors. I am also
investigating the potential application of ML algorithms to improve breast cancer prognosis
and recurrence to cover the whole spectrum of the disease.
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ABSTRACT
Purpose: To compare two interventions designed to increase use of genetic testing and breast
cancer surveillance among young breast cancer survivors (YBCS) (diagnosed <45 years old)
and their at-risk relatives.
Design: Two-arm cluster randomized trial. Participants were randomly assigned as family units
to either intervention arm. Data collection was completed in 2015 and analyses in 2018.
Setting/sample: YBCS were randomly selected from the Michigan cancer registry following
stratification according to race (Black versus White/Other). The study recruited up to two atrisk female relatives per YBCS.
Interventions: A tailored, person-specific intervention (health messages based on participants’
responses) and a targeted, more generic intervention (identical health messages).
Outcomes: Self-reported rates of genetic testing, Clinical Breast Exam (CBE) and
mammography for two interventions and two racial groups (Black versus White/Other).
Results: Intervention materials were mailed to n=637 participants in the tailored arm and to
n=595 participants in the targeted arm. At 8-months follow-up, YBCS in the tailored arm were
more likely to report higher self-efficacy for genetic services (p=0.0205); there were no other
differences between the two interventions. However, there were significant changes within each
arm compared to baseline. Genetic testing increased approximately 5% for YBCS in the tailored
and the targeted arm (p≤0.001; p<0.001) and for both Black and White/Other YBCS (p<0.001;
p<0.001). CBEs and/or mammograms increased significantly in both arms, approximately 5%
for YBCS and 10% for relatives, and were similar for Blacks and White/Others. YBCS and
relatives needing less support from providers reported significantly higher self-efficacy and
intention for genetic testing and surveillance. Black participants reported significantly higher
satisfaction and acceptability.
Conclusions: These two low-resource interventions were equally efficacious in increasing
genetic testing and surveillance among YBCS and at-risk relatives. Findings were comparable
to previous studies, and materials are suitable for Black women at higher risk for hereditary
breast/ovarian cancer.
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INTRODUCTION
Women diagnosed with breast cancer younger than 45 years old (young breast cancer survivors
- YBCS) are more likely to carry germline pathogenic variants associated with hereditary breast
and ovarian cancer (HBOC) syndrome (1, 2). National guidelines recommend periodic
screening for changes in family history and genetic evaluation (counseling and testing) of
YBCS to determine HBOC status, and physical exams including clinical breast exams (CBE)
and mammograms to screen for local recurrence or a new primary tumor (3, 4). There is
underutilization of genetic services and mammography among YBCS (5-8), especially among
Black women (9-12), primarily due to lack of awareness and/or lack of access to genetic testing
(13, 14). First- and second-degree relatives of YBCS have a 2.3 and 1.5 increased relative breast
cancer risk, respectively (15). It is recommended that relatives of HBOC cases initiate screening
approximately 10 years prior to the earliest age of cancer diagnosis in the family (4, 16). Yet,
they may not always manage this risk effectively due to lack of accurate information about
inheritance patterns (17-19).
Studies and meta-analyses examining intervention efficacy to increase mammography uptake
suggest that theory-based and tailored interventions, paired with physician recommendations,
are efficacious in promoting repeat screening, and especially among racially diverse women
(20-26). However, the challenges concerning YBCS and at-risk relatives are first, the ability to
identify them in large numbers, including racially diverse samples, and second, identifying lowresource ways to provide them with information about the need for genetic evaluation and
cancer surveillance guidelines. Two previous randomized controlled trials (RCTs) have shown
that although genetic counseling delivered over the telephone was inferior to in-person
counseling for cancer patients and at-risk relatives, it yielded cost savings and was equally
acceptable to in-person counseling for disseminating information about screening guidelines
(27, 28). A third RCT compared the efficacy of telephone genetic counseling versus a brochure
and reported that approximately 40% of the telephone and 5% of the brochure groups obtained
genetic counseling during the study period (29). Limitations of these three studies were the
inclusion of less than 10% of Black women, and the resources needed for delivering the
intervention and for recruiting high-risk participants.
The present RCT builds on this prior work by oversampling for Black participants and by
comparing the efficacy of two low-resource interventions delivered via postal mail, which
included a targeted (more generic) versus a tailored (person-specific) intervention. The outcome
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variables were initiation of genetic testing and surveillance (CBE and mammography screening)
consistent with national guidelines among YBCS and relatives. In addition, satisfaction,
acceptance, and perceived usefulness of the interventions was assessed.

METHODS
Design and Sample
This two-arm cluster RCT was conducted in the state of Michigan (NCT01612338); the
protocol and study methodology have been previously published (30). Institutional Review
Boards of the University of Michigan (HUM00055949) and the Michigan Department of Health
and Human Services (201202-09-EA) approved the study protocol. The Michigan Cancer
Surveillance Program identified approximately 9,000 women diagnosed with breast cancer
between 20 to 45 years old from the cancer registry, who were eligible for genetic evaluation
due to young age of cancer onset. Black YBCS were separated to form a separate stratum.
Approximately 7% of YBCS of other racial/ethnic backgrounds (e.g., Arab Americans etc.)
were grouped with White YBCS, because they could not form a separate stratum. A computer
algorithm randomly selected a stratified sample of 3,000 YBCS based on their cancer registry
index number (1,500 Black and 1,500 White/Other) with oversampling of Black YBCS.
YBCS were eligible to participate if they were 20 to 45 years old when diagnosed with invasive
breast cancer or ductal carcinoma in situ; 25 to 64 years old at the time of the study; Michigan
residents at the time of diagnosis; and able to read English and provide informed consent.
Female relatives had to be cancer-free and 25 to 64 years old; able to read English and provide
informed consent; and YBCS would be willing to contact them. Up to two relatives per YBCS
were included. Priority was given to younger and first-degree relatives (31). YBCS and relatives
had to be older than age 25 to assess their surveillance behavior according to NCCN guidelines.
The upper age limit was set at 64 due to more limited insurance coverage for older individuals
that may hinder surveillance. Excluded were pregnant, incarcerated, or institutionalized
participants since they may not get mammograms.

Randomization and Masking
The Michigan Cancer Surveillance Program inquired with the reporting facility and physician
of record whether there was any reason that an YBCS should not be contacted. If a response
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was not received within 30 days, a recruitment package was mailed to the YBCS. Eligible
YBCS received up to three mailed invitations over a period of four months. YBCS who
accepted participation were asked in the baseline survey if they were willing to invite their firstand second-degree female relatives to take part in the study. In order to alleviate ethical
concerns in contacting relatives without their explicit consent, recruitment materials were
mailed to YBCS, who passed them on to relatives. When YBCS reported they already had
genetic testing, a certified genetic counselor contacted them by phone to double-check that their
response was accurate. There were n=58 YBCS who reported that they or one of their relatives
had a pathogenic variant in BRCA1/2 or other gene associated with hereditary breast cancer, or
had another hereditary cancer syndrome. These YBCS were provided appropriate information
and were excluded from the RCT because intervention materials were not applicable. There
were n=163 YBCS who reported a negative genetic test result. These YBCS and their relatives
(n=103) were included. None was a “true negative” and we could not exclude the possibility
that there might be updated information to justify a new genetic evaluation. We could also not
exclude the possibility of a pathogenic variant in relatives.
YBCS and relatives had to return a signed informed consent before receiving the baseline
survey. Recruitment of YBCS and relatives took place over six months from the date of mailing
the first invitation letter to reduce bias due to sample “maturation.” These dates were set as
31.01.2013 for YBCS and 30.06.2013 for relatives. YBCS and relatives were randomized as
stratified (Black vs. White/Other) family units (i.e., dyads and triads) to one of the two study
arms (1:1) using a computer-generated allocation algorithm. All members of a family unit
received intervention materials at the same time by postal mail and participants were unaware
of the intervention materials delivered to the other study arm. Participants received $10 gift
cards for completing the baseline survey and $20 gift cards for the follow-up survey,
respectively. The study employed two research staff at 40% FTE for six months for recruitment,
mailing, and generating intervention materials. A certified genetic counsellor (10% FTE for
three months) conducted risk assessments, and verified YBCS’ self-reports of being a mutation
carrier and the content of intervention materials.

Interventions
The Theory of Planned Behavior (TPB) (32) guided the development of the targeted and the
tailored intervention. Table 1 presents the constructs of the TPB and how they correspond to
components of each intervention. In this paper we present use of genetic services and cancer
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surveillance. The main message in both interventions was that early age of breast cancer onset
is a “red flag” for hereditary disease and that participants should seek genetic evaluation. The
targeted intervention included a letter and a booklet written at the seventh-grade reading level,
which provided information about genetic counseling, cost, a list of certified cancer genetic
services in Michigan, and online genetic resources. The booklet presented mammography
screening as more sensitive than CBE and more accessible compared to MRI (33), and options
for low cost mammograms. The targeted letter also included National Comprehensive Cancer
Network (NCCN) guidelines for follow-up care (YBCS) and screening (relatives), and
recommended that they seek genetic evaluation and breast surveillance/screening due to her
own or her relative’s early age of cancer onset.
The tailored intervention included the same booklet as above and a second booklet presenting
basic principles of open communication and family support. The purpose of the second booklet
was to enhance the tailored messages by encouraging participants to maintain open
communication for family challenges associated with early cancer onset, and mobilize family
support for obtaining surveillance and genetic services. Based on participants’ responses to the
baseline survey, a computer algorithm generated a letter, which provided tailored feedback
about the need to have genetic evaluation and surveillance/screening. Two messages were
generated for dichotomous tailoring variables, i.e., had genetic testing (yes/no) and frequency
of surveillance consistent with guidelines (yes/no). For continuous variables two messages were
also generated. Self-efficacy and intention for genetic testing and surveillance were scored from
1 to 7 and a cut-off score of ≤3.5 was used to identify participants with low versus high selfefficacy and intention. Barriers for cancer surveillance, i.e., lack of physician referral, costrelated lack of access, fear of finding cancer, and perception that mammograms are unnecessary
were also scored from 1 to 7 and a cut-off score of ≤5.5 was used to identify participants who
reported low versus high barriers. Personalized probabilities of developing cancer i.e., Gail and
Claus scores were presented to relatives based on information they provided in their baseline
survey. Messages and tailored letters were reviewed for appropriateness and accuracy.
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Table 1. Elements of the tailored and the targeted interventions
Adapted TPB

TAILORED Intervention

TARGETED Intervention

Booklet 1 – Surveillance and Genetic Testing
Risk factors and cancer genetics
Risk factors and cancer genetics
Breast cancer surveillance
Breast cancer surveillance
Self-efficacy breast Genetic counseling, cost
Genetic counseling, cost
cancer screening
CBE and Mammography, sources for low CBE and Mammography, sources for
and genetic
cost screening
low cost screening
services
Certified genetic services in MI
Certified genetic services in MI
Booklet 2 – Family Support
Subjective norms Cancer and open family communication
Family support in illness
TAILORED Letter
TARGETED Letter
YBCS
Relatives
YBCS
Relatives
Knowledge
Surveillance
Screening according NCCN
NCCN guidelines for
according to
to guidelines for
guidelines for
breast cancer
guidelines for
breast cancer
follow-up care
screening
follow-up care
Attitudes
Barriers/facilitators Barriers/facilitators Increased risk - Increased risk to follow-up care
to breast cancer
early age of
family history, early
screening
cancer onset
age of cancer onset
Barriers/facilitators Barriers/facilitators Suggest genetic Suggest genetic
to genetic services
to genetic services evaluation
evaluation
Fear of cancer
Gail and Claus risk
recurrence
scores
Genetic literacy,
Genetic literacy,
breast cancer risk
breast cancer risk
factors, inheritance factors, inheritance
Subjective norms Family
Family
communication
communication
Family support in
Family support in
illness
illness
Construct
Knowledge

Data Collection and Measures
Eligible YBCS were mailed a baseline survey (Time 1). Following assessment of their baseline
information, their relatives were recruited, and family units were randomized to the targeted or
tailored intervention. The follow-up survey (Time 2) was mailed to participants approximately
8 months after the intervention to allow sufficient time for pursuing the primary outcomes
within the timeframe of the study. Research staff made two attempts via phone, mail, or email
to contact YBCS and relatives if they did not return the follow-up survey within six weeks.
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Use of surveillance and genetic services were assessed at baseline and at follow-up with items
from the Centers for Disease Control and Prevention: Behavioral Risk Factor Surveillance
System: 2001 Survey Questions (34). Consistency of surveillance with NCCN guidelines was
determined by the research team. Self-efficacy and intention to use surveillance and genetic
services were also assessed at baseline and at follow-up with single items asking participants
“how confident you feel in your ability” and “how likely you are” to seek breast cancer
screening and genetic services during the following 12 months (Likert scale 1=low to 7=high).
Subjective norms were assessed at baseline with two single items asking participants “how
often you need advice from relatives/healthcare providers to engage in behaviors aiming to
find cancer at an early stage” (Likert scale 1=never to 7=always). The 8-month follow-up
survey included additional questions assessing whether the interventions provided new and
helpful information, and examined intervention acceptability, interest, usefulness, level of
detail, relevance, and satisfaction (Likert scale 1=low to 7=high) (35, 36). Data collection was
completed in 2015 and analyses were completed in 2018.

Sample Size and Power Evaluation
Using data from previous mammography RCTs(24, 26) a sample size was calculated expecting
to ensure 80% power to detect a small (Cohen’s d = 0.2) to medium (Cohen’s d = 0.5) effect,
i.e., difference in intervention effect size between group means (d=0.3) or between percentages
(h=0.3), using a two-tailed test with a false positive rate of α= 0.05 (37). Power analysis with
PASS software (38) determined that after attrition 176 participants were needed per group or
352 in total.

Statistical Analyses
Descriptive analyses compared means and proportions in demographic and clinical factors
between and within intervention groups across time (baseline and 8-month follow-up).
Differences between intervention arms were tested at baseline and follow-up with two
proportions z- test for proportions and with t-test for means. Separate analyses were performed
for YBCS and relatives for genetic testing, CBE, and mammography. Changes in frequencies
for outcomes were demonstrated with Intention-To-Treat, defined as “once randomized,
always analyzed” (39). Outcomes reported from drop out cases in the baseline survey were
carried forward to the follow-up survey. This approach avoids overoptimistic estimates
resulting from removing dropout cases. Comparisons between interventions or racial groups for
genetic testing and surveillance were conducted with two-proportion z-test. Fisher’s Exact test
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was used for small samples. McNemar’s test was used for comparisons within interventions or
racial groups, and McNemar’s Exact test for small samples. Confidence intervals were
computed for parameter estimates (40). Acceptability and perceived usefulness of the
interventions for YBCS versus relatives, for each intervention arm, and for Black versus
White/other participants were tested using parametric t-tests, and p-values were adjusted for
multiple testing via Bonferroni corrections.
Core features of missing data (<18% of multi-item scales) and cases who dropped out (n=270,
21.92%) from the follow-up survey were examined. No special patterns of missing values were
identified. Demographic variables were used to examine if there was a clear pattern of lost-tofollow-up across subgroups using machine-learning approaches (41-43). The results indicated
random drop out patterns across subgroups. This provides justification for multiple imputations
to address missing values for subsequent analyses. Logistic regression models tested for
outcome associations between genetic testing, surveillance outcomes, and predictor variables
for YBCS and relatives including intervention grouping, antecedents, and barriers. Multiple
linear regression models tested for outcome associations between intervention effects for selfefficacy and intention for genetic testing, surveillance and predictor variables for YBCS and
relatives including intervention grouping, antecedents, and barriers. All variables in the final
model were used to generate three imputed datasets and p-values were pooled across the three
models built using the three imputed datasets and adjusted for multiple testing using Bonferroni
corrections.

RESULTS
Recruitment, enrollment, randomization and retention are shown in a consort diagram (Figure
1). As shown, 801 YBCS were allocated to study arms (response rate 38.6% for White/Other
and 27.5% for Black). YBCS identified 1,875 eligible relatives and they were willing to contact
1,360 (72.5%). The study invited n=853 relatives (up to two relatives per YBCS); n=442
(51.5%) accepted participation and n=431 relatives were allocated to study arms. Overall, 11.9%
YBCS and 27.4% relatives resided in 23 and 27 different U.S. states, respectively.
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Figure 1. Consort diagram.

YBCS= Young Breast Cancer Survivor
Stratified cluster randomization of YBCS according to race (Black vs. White/Other); relatives follow
randomized arm of YBCS
c Intend-to-Treat
a

b

After randomization, YBCS and relatives in both study arms did not differ at baseline (Table
2). YBCS were on average 51 years old and were diagnosed on average 40 years old;
approximately one in five had more than one cancer diagnoses (31). Relatives were on
average 44 years old. Approximately one in five YBCS and one in five relatives reported costrelated lack of access to healthcare. Follow-up surveys were received from 610 YBCS (76.2%
retention) and 352 relatives (81.7% retention).
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Table 2. Demographic characteristics and barriers by intervention arm (% or mean ± SD)
YBCS a

Baseline n=801
Tailored n=398 Targeted n=403

ANTECEDENTS

BARRIERS b

Age
(range 25 – 64)
Race (Black %)
Education ≤ High
School
Caregiving
responsibilities
Anxiety
Depression
Comorbidities
Income≤ $40,000
No insurance
No routine source
of care
Cost-related lack of
access
Mean distance to
genetic center
(miles)

RELATIVES

ANTECEDENTS

BARRIERS b

a YBCS=
b

51.58 ± 5.73

50.65 ± 5.76

Tailored
n=295
51.76 ± 5.64

162 (40.70%)
85 (21.36%)

162 (40.20%)
103 (25.56%)

98 (33.22%)
65 (22.03%)

116 (36.83%)
78 (24.76%)

120 (30.15%)

141 (34.99%)

71 (24.07%)

89 (28.25%)

102 (25.63%)
109 (27.39%)
252 (63.32%)
118 (29.65%)
30 (7.54%)
23 (5.78%)

122 (30.27%)
116 (28.78%)
277 (68.73%)
124 (30.77%)
22 (5.46%)
33 (8.19%)

80 (27.12%)
91 (30.85%)
190 (64.41%)
90 (30.51%)
15 (5.08%)
20 (6.78%)

94 (29.84%)
91 (28.89%)
211 (66.98%)
95 (30.16%)
17 (5.40%)
16 (5.08%)

73 (18.34%)

71 (17.62%)

42 (14.24%)

43 (13.65%)

18.58± 26.48
(0-147.6)

19.51± 27.38
(0-147.6)

18.58± 26.45
(0-147.6)

19.24± 27.10
(0-147.6)

Baseline n=431

Age
(range 25 – 64)
Race (Black %)
Education ≤ High
School
Caregiving
responsibilities
Anxiety
Depression
Comorbidities
Income≤ $40,000
No insurance
No routine source
of care
Cost-related lack
of access
Mean distance to
genetic center
(miles)

Follow-up n=610
Targeted n=315
51.17 ± 5.51

Follow-up n=352

Tailored n=239

Targeted n=192

43.64 ± 12.05

43.00 ± 11.69

Tailored
Targeted n=150
n=202
43.45 ± 12.14
43.23 ± 11.86

46 (19.25%)
40 (16.74%)

41 (21.35%)
32 (16.67%)

33 (16.34%)
33 (16.34%)

32 (21.33%)
27 (18.00%)

105 (43.93%)

80 (41.67%)

87 (43.07%)

58 (38.67%)

72 (30.13%)
62 (25.94%)
138 (57.74%)
65 (27.20%)
33 (13.81%)
30 (12.55%)

43 (22.40%)
49 (25.52%)
92 (47.92%)
70 (36.46%)
23 (11.98%)
16 (8.33%)

55 (27.22%)
54 (26.73%)
115 (56.93%)
63 (31.19%)
16 (7.92%)
20 (9.90%)

34 (22.67%)
42 (28.00%)
76 (50.67%)
55 (36.67%)
16 (10.67%)
9 (6.00%)

52 (21.76%)

30 (15.63%)

42 (20.79%)

28 (18.67%)

21.16± 31.09
(0-196.7)

25.44± 33.41
(0-195.9)

21.16± 31.09
(0-196.7)

25.69± 33.65
(0-195.9)

Young Breast Cancer Survivor
Proportion of YBCS and Relatives who reported each barrier
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Genetic testing
Table 3 presents YBCS’ and relatives’ genetic testing, CBE, and mammography rates. At
baseline, genetic testing was reported by 23% of YBCS and 3% of relatives. At follow-up,
approximately 28% YBCS and 5% relatives reported having genetic testing. There were 40 new
YBCS and 9 new relative cases who reported having genetic testing between the baseline and
the follow-up survey. YBCS in the tailored arm were more likely to report higher self-efficacy
for genetic services (Beta=0.480; CI: [0.026-0.933]; p=0.0205). Although the difference was
not statistically significant, relatives in the tailored arm were more likely to report genetic
testing.
Table 3. Participants’ genetic testing, CBE, and mammography by intervention arms
Outcomes for YBCS a
Tailored n=398
Targeted n=403

Baseline

Tailored
Had Genetic Testing

Had CBE according to
NCCN e Guidelines

Follow-up b

Targeted

Tailored

Tailored vs.
Targeted
p value C
(95% CI)

Targeted

79

107

99

127

(19.85%)

(26.55%)

(24.87%)

(31.52%)

342

333

361

356

0.66

(85.92%)

(82.63%)

(90.70%)

(88.33%)

(-0.040 -

298

292

315

302

0.17

(87.64%)

(87.16%)

(92.65%)

(90.15%)

(-0.009 0.055)

Outcomes for
Relatives
Tailored n=239
Targeted n=192

Baseline

Tailored
Had Genetic Testing

Follow-up b

Targeted

Tailored

<0.001d
(0.031 - 0.076)

<0.001d

<0.001d

(0.029 - 0.074)

(0.037 - 0.084)

<0.001d

0.002d

(0.029 - 0.079)

(0.014 - 0.054)

Tailored vs.
Targeted
p value C
(95% CI)

Change from
Baseline to Follow-up
p value D
(95% CI)
Tailored
Targeted

Targeted

9

4

17

5

0.08c

(0.04%)

(0.02%)

(0.07%)

(0.03%)

(-0.001 0.058)

Had CBE according
to NCCN e
Guidelines

179

146

204

161

0.44

(74.89%)

(76.04%)

(85.36%)

(83.85%)

(-0.032 -

Had mammography
according to NCCN e
Guidelines2

109

87

126

96

0.43

(69.87%)

(71.31%)

(80.77%)

(78.69%)

(-0.039 -

a

≤0.001d
(0.031 - 0.077)

1.00
(-0.030 - 0.031)

0.023)
Had mammography
according to NCCN e
Guidelines1

Change from
Baseline to Follow-up
p value D
(95% CI)
Tailored
Targeted

0.085)

0.110)

0.008d

1d

(0.015 - 0.065)

(0.000 - 0.029)

<0.001

<0.001d

(0.069 - 0.151)

(0.044 - 0.125)

<0.001d

0.004d

(0.065 - 0.168)

(0.034 - 0.135)

YBCS=young breast cancer survivor b Intention to Treat

C

Two-proportions z-Test or c Fisher’s Exact Test D McNemar’s test or d McNemar’s Exact Test

e

NCCN=National Comprehensive Cancer Network

1.

Tailored n = 340 and Targeted n = 335, after excluding YBCS with double mastectomy, who do not receive mammograms per
NCCN guidelines (excluded Tailored n = 58, Targeted n = 68)

2.

Tailored n = 156 and Targeted n = 122, after excluding relatives younger than 35 years old AND relatives between 35 to 40
with Gail lifetime risk <20%, who do not receive mammograms per NCCN guidelines (excluded Tailored n = 83, Targeted n
= 70)
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We examined how each co-variable influenced intermediate intervention effects (follow-up
minus baseline scores) related to genetic testing, after controlling for other co-variables at
baseline. Participants needing less support from providers were consistently more likely to
report significant changes to intermediate outcomes related to use of genetic testing, i.e., higher
self-efficacy and higher intention for YBCS (Beta=0.355; CI: [0.141-0.569]; p=0.002 and
Beta=0.490; CI: [0.334-0.645]; p<0.001), and higher self-efficacy for relatives (Beta=0.375;
CI: [0.063-0.686]; p=0.002). YBCS who were older (Beta=0.074; CI: [0.037-0.111]; p<0.001),
Black (Beta=0.984; CI: [0.747-1.221]; p<0.001), with cost-related barriers (Beta=0.048; CI:
[0.630-1.466]; p<0.001), and living further from genetic services (Beta=0.014; CI: [0.0070.022]; p<0.001) reported higher intention for genetic testing.

Breast cancer screening
Approximately 80% of YBCS and 70% of relatives reported CBE and mammograms consistent
with NCCN guidelines at baseline. In the 8-month follow-up survey approximately 90% of
YBCS and 82% of relatives reported having had CBE and mammograms consistent with NCCN
guidelines, representing approximately 10% increase from baseline. Although there were not
significant differences between the two interventions, there were significant changes in CBE
and mammography for YBCS and relatives within each intervention compared to baseline.
From logistic regression, YBCS needing less support from providers were more likely to report
CBE (OR=0.974; CI: [0.959-0.988]; p<0.001). More likely to report a mammogram were older
relatives (OR=1.004; CI: [1.002-1.007]; p=0.001).
We examined how each co-variable influenced intermediate intervention effects (follow-up
minus baseline scores), after controlling for all other co-variables at baseline. YBCS without
health insurance reported significantly higher self-efficacy for CBE and self-efficacy for
mammography (Beta=0.696; CI: [0.278-1.113]; p<0.001; Beta=0.830; CI: [0.406-1.254];
p<0.001). Intention to have a mammogram increased for YBCS with a routine source of care
(Beta=1.052; CI: [0.784-1.320]; p<0.001).

Effects for Black and White/Other participants
Changes in genetic testing and surveillance/screening from baseline to follow-up were not
significantly different between Black and White/ Other participants (no between group
differences). Changes from baseline to follow-up were significantly different for both groups
(significant within group differences). (Table 4)

88
Table 4. Participants’ genetic testing, CBE, and mammography by race
Outcomes for YBCS a
Black n=324
White/Other n=447

Baseline

Black

Follow-up b

Had Genetic Testing

52
(16.05%)

White/
Other
134
(28.09%)

Had CBE according to
NCCN e Guidelines

268
(82.72%)

407
(85.32%)

286
(88.27%)

431
(90.36%)

Had mammography
according to NCCN e
Guidelines1
Outcomes for Relatives
Black n=87
White/Other n=344

244
(83.28%)

346
(90.58%)

259
(88.40%)

360
(94.24%)

Baseline

Black
Had Genetic Testing

2
(2.30%)

White/
Other
11
(3.20%)

Black
68
(20.99%)

White/
Other
158
(33.12%)

Follow-up b

Black
4
(4.60%)

White/
Other
18
(5.23%)

Black vs.
White/
Other
p value C
(95% CI)

0.92
(-.0038 0.054)
1
(-0.033 0.036)
0.46
(-0.020 0.049)
Black vs.
White/
Other
p value C
(95% CI)

1.00c
(-0.035 –
0.039)
1.00
(-0.076 0.068)
1.00
(-0.085 0.102)

Change from
Baseline to Follow-up
p value D
(95% CI)
Black

White/
Other

<0.001d
(0.028 - 0.079)

<0.001d
(0.035 - 0.079)

<0.001d
(0.033 - 0.086)

<0.001d
(0.035 - 0.079)

<0.001d
(0.029 - 0.083)

<0.001d
(0.020 - 0.061)

Change from
Baseline to Follow-up
p value D
(95% CI)
Black

White/
Other

0.5d
(0.003 - 0.081)

0.016d
(0.008 - 0.041)

Had CBE according to
63
262
71
294
0.008d
<0.001d
NCCN e
(72.41%) (76.16%) (81.61%)
(85.47%)
(0.041 - 0.173)
(0.064 - 0.129)
Guidelines
Had mammography
39
157
45
177
0.031d
<0.001d
according to NCCN e
(65.00%) (72.02%) (75.00%)
(81.19%)
(0.038 - 0.205
(0.057 - 0.138)
Guidelines2
a YBCS= Young Breast Cancer Survivor
b Intention to Treat
C Two-proportions z-Test or c Fisher’s Exact Test
D McNemar’s test or d McNemar’s Exact Test
e NCCN= National Comprehensive Cancer Network
1Tailored n = 293, Targeted n = 382, after excluding YBCSs with double mastectomy (excluded Tailored n = 31, Targeted n = 95)
2.
Tailored n = 60, Targeted n = 218, after excluding relatives younger than 35 years old AND relatives between 35 to 40 with
Gail lifetime risk <20% according to NCCN guidelines (excluded Tailored n = 27, Targeted n = 126)

Satisfaction with the interventions
Approximately 66% of participants reported reading the intervention materials at least once.
Separate intervention effects were examined for participants reporting not reading the
intervention materials (n=131; 74 YBCS and 57 Relatives) compared to those reporting reading
materials at least once. The main findings remained consistent. Two out of three participants
reported discussing intervention materials primarily with first-degree and with non-biological
relatives (Table 5), most often females and/or from the maternal side of the family (data not
shown). Acceptability and perceived usefulness were compared between YBCS versus relatives;
tailored versus targeted arm; and Black versus White/Other participants. Black participants
reported significantly higher satisfaction, acceptability, and usefulness of the interventions, and
getting information that helped them discuss ways to lower their breast cancer risk with their
provider. Relatives requested significantly more information for breast cancer risk factors and
screening.
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Table 5. Evaluation of the acceptability and perceived usefulness of the interventions for YBCS
vs. Relative; for Tailored vs. Targeted; and for Black vs. White/Other
I discussed the information in the booklet(s) and letter with… (Multiple choice)

Count

No one

324

Not a biological relative (spouse, in laws, friend)
First degree relatives (mother, father, sister, brother, children)

323
700

Second degree relative (grandmother, grandfather, grandchildren, aunts, uncles, nephews,
nieces)
First cousins
Healthcare provider (oncologist, genetic specialist, nurse, primary care provider)

163
65
124

Other
5
The brochures and letter I received…
Overall YBCS a Relatives Tailored Targeted Black White/
[1-7](Mean score)
Other
…provided me with new information
4.84
4.77
4.94
4.81
4.87
5.07
4.74
…provided helpful information
5.15
5.16
5.14
5.14
5.17
5.36
5.07
…were overall easy to understand,
5.04
5.05
5.04
5.06
5.02
5.35
4.93
important, useful, and interesting b
…helped me talk with my healthcare
4.26
4.24
4.32
4.28
4.25
4.74
4.07
provider about my breast cancer risk
…helped me talk with my provider about 4.23
4.21
4.25
4.22
4.23
4.70
4.02
ways to lower my cancer risk
I would like to get more information
Overall YBCS a Relatives Tailored Targeted Black
White/
about… [1-7] (Mean score)
Other
…risk factors for breast cancer
4.87
4.67
5.22
4.87
4.88 5.39
4.66
…importance of family history for
4.90
4.71
5.22
4.83
4.98 5.46
4.67
cancer risk
…genetic counseling and genetic testing
4.83
4.73
5.02
4.75
4.92 5.47
4.57
…where to get genetic counseling and
4.70
4.58
4.90
4.67
4.74 5.39
4.41
testing
…breast cancer screening
4.86
4.71
5.10
4.86
4.86 5.43
4.63
…low cost breast cancer screening
4.52
4.37
4.75
4.37
4.68 5.29
4.20
…family communication in breast
4.26
4.18
4.41
4.13
4.41 5.04
3.95
cancer
…family support in breast cancer
4.22
4.14
4.36
4.11
4.34 4.98
3.91
I would suggest the study to other
5.77
5.81
5.70
5.77
5.77 6.05
5.66
women like me
The study was important
6.16
6.16
6.16
6.22
6.10 6.37
6.08
I benefited from taking part in the study
5.57
5.51
5.67
5.61
5.53 5.97
5.40
a YBCS= Young Breast Cancer Survivor
b average of 16 items
Bold= significant difference from t-test with Bonferroni corrections

DISCUSSION
Uptake of genetic testing in both arms of the present RCT increased approximately 5%, which
is similar to a previous study examining the efficacy of a booklet on rates of genetic testing.(29)
This change of 5% is commendable, given that participants received intervention materials only
once and had no contact with the healthcare system, in contrast to more resource intensive
studies. Given that YBCS were on average 11 years post-diagnosis, it is unlikely that this
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change was due to the passage of time, but most likely can be attributed to exposure to the
intervention materials. At the same time, YBCS in the tailored arm were more likely to report
higher self-efficacy for genetic testing, more so than the targeted intervention. Thus, the tailored
intervention generated added value, since self-efficacy is an important predictor of subsequent
behavior (32). Tailored feedback improves the impact of the message on health behaviors (44,
45) because it addresses personal characteristics and needs, and increases attention and
information processing (46). The lower uptake of genetic testing may be related to other factors,
including the short-term follow-up, the recruitment strategy precluding a referral from a
healthcare provider, and the fact that YBCS were on average 11 years post diagnosis and
genetic testing may not have been perceived as relevant or urgent (47). Furthermore, relatives’
eligibility for genetic testing depends first, on the YBCS having genetic testing as the affected
relative, and second, on the YBCS’ test identifying a pathogenic variant associated with HBOC.
It is also possible that rates of cascade genetic testing among relatives would have been higher,
if the study included the 58 YBCS reporting a known pathogenic variant in themselves or in
another relative.
There was no difference in participant satisfaction between the two interventions. Since rates
of genetic testing at baseline were low and there was little variation among study arms for this
key outcome, it would be interesting to study if our targeted booklet yields better rates of genetic
testing when integrated in the healthcare system and the message is reinforced by provider
referrals. Future studies should also perform a cost-effectiveness analysis of tailored versus
targeted interventions for genetic testing (47), since targeted messages may be as effective but
less resource intensive than tailored interventions. Tailored efforts may need to focus on
increasing participation of YBCS in similar initiatives and on promoting cascade genetic testing
among relatives. For example, a stepped approach with personal and timed follow-up contacts
for those who do not respond to the initial invitation and those needing greater support from
providers may prove efficacious and cost-effective.
An important finding of this RCT was that there was 5% to 10% increase from baseline to
follow-up in CBE and mammography rates among YBCS and relatives in both study arms.
Self-efficacy and intention for surveillance, which are important predictors of subsequent
behavior (32), increased consistently for subgroups of participants, especially those who did
not need support from providers. The booklet and the letters were an efficient and low-resource
strategy for increasing screening. Given the minimal contact with participants and that at
baseline 80% of YBCS and 70% of relatives reported previous CBE and mammography,
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leaving less room for improvement, the outcomes of the RCT indicate that both interventions
addressed appropriate theory-based factors that help increase screening behaviors.
Alternatively, the Healthy Michigan Plan (Medicaid expansion), which was enacted in April
2014, might have helped mitigate cost-related barriers and granted access to genetic testing and
surveillance to uninsured individuals, most of whom belong to minority groups (24, 48, 49).
This was the first intervention to include a large sample of Black YBCS. Black YBCS were
more likely to report higher self-efficacy and higher intention for genetic testing, higher
satisfaction with their participation in the study and intervention materials, and needing
additional information about genetic services and breast cancer screening compared to
White/Other participants. Taken together these findings suggest that besides efficacy,
intervention booklets and letters achieved high acceptability and perceived usefulness among
Black participants, which in turn, can increase effectiveness in special populations (50-52).
Black participants in this study reported that underutilization of genetic services was due to lack
of physician referrals and cost-related barriers (53-55). Intervention materials partially
addressed these barriers by encouraging participants to initiate a genetic evaluation, and by
providing information about costs of genetic testing and access to low cost mammograms.
Booklets developed for this study can be used to empower minority communities and engage
them in health policies for genetic screening (56).
A strength of the study is the partnership between a state health department and a leading
academic institution. Advantages of recruiting from a state cancer registry are the ability to
retrospectively identify a large number of potentially eligible subjects, from diverse
geographical areas and racial/ethnic backgrounds, enroll them in prospective trials, and produce
more representative results. A disadvantage was the lower participation rate compared to
recruitment from clinical sites (57, 58). However, a response rate of approximately 30% is
common for RCTs recruiting participants from central cancer registries (57-59). Comparisons
between responders and non-responders was not possible due to lack of data for non-responders.
This RCT was underpowered to detect outcomes among Black relatives, despite their larger
sample compared to previous studies. Since there was not a “no treatment” group, we can only
conclude that the two interventions were equally efficacious. However, the increase in genetic
testing and surveillance was similar to other interventions that were compared to a “no
treatment” group. Limitations were allowing only eight months to observe changes in outcomes,
possible recall bias, not assessing if participants received counseling but declined testing, and
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that information about genetic services might not be relevant for a large number of YBCS and
relatives not living in Michigan.

CONCLUSIONS
This RCT is aligned with evidence-based recommendations for public health action relevant to
cancer predisposition cascade genetic screening (60, 61) and national guidelines (4, 16).
Adoption of these recommendations will achieve a population-level reduction in cancer
morbidity and mortality. A combination of targeting and tailoring health messages and
recruitment efforts may be needed to achieve optimal outcomes for genetic testing and cancer
surveillance and for maximizing resources (62).
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