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Chapter 1

Introduction




INTRODUCTION

Breast cancer: developments and contemporary challenges

Breast cancer is the most common cancer in women in the world'. While the incidence
of breast cancer has increased over the years, survival after breast cancer diagnosis
has improved in the last 50 years due to earlier detection and advanced treatment
modalities; for example, in the Netherlands, 10-year survival of first primary breast
cancer approximately improved by almost 40% from 39% in 1961 to 76% in 2010%2,
As a consequence, breast cancer survivors may have substantial remaining lifetime to
develop other cancers.

Breast cancer survivors are more likely to develop a new primary tumor in the opposite
breast (defined as contralateral breast cancer) compared to healthy women to develop
a first primary breast cancer*®. Contralateral breast cancer is one of the biggest
threats among breast cancer survivors: for example, in the Netherlands and in the
United States contralateral breast cancer is the most common second primary cancer
among women diagnosed with invasive breast cancer, accounting for 40-50% of all new
second cancers®'?. About 5 out of 100 patients with invasive breast cancer will develop
a contralateral breast cancer within 10 years since the diagnosis of the first primary
breast cancer (10-year cumulative incidence between 4-7%, Figure 1)"2. In addition,
contralateral breast cancer patients have worse prognosis compared to patients with
unilateral breast cancer™®. Little is known about contralateral breast cancer among
patients diagnosed with in situ breast cancer, a potential pre-invasive cancer occurring
typically in the cell of milk ducts or lobules of the breast'’.

10% === <40 years
9% — 4049 yoars
8% 5069 years
% — =70 years S —

Cumulative Incidence (%)
o
o

] 5 10 15
Time after diagnosis (years)

Figure 1: Cumulative incidence of contralateral breast cancer (CBC) by age and time since diagnosis
(Data source: Netherlands Cancer Registry, N=45,229 index cancers; N=1,477 CBC", reproduced
with permission of Breast Cancer Research and Treatment)
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Contralateral breast cancer prevention: the preventive mastectomy

Although contralateral breast cancer risk is relatively low, an increasing number of
patients with first breast cancer opt for a contralateral preventive mastectomy'®. The
rationale behind the contralateral preventive mastectomy is to avoid contralateral
breast cancer with the consequent treatments and to potentially prevent death from a
secondary primary breast cancer'™. Among patients with highly elevated breast cancer risk
contralateral preventive mastectomy is recommended, especially in patients with genetic
predisposition or strong family history of breast cancer?%?'. Currently, the contralateral
preventive mastectomy is recommended in patients with germline mutations in BRCAT
and BRCAZ2 genes, although mutations in other breast cancer risk genes (CHEK2, ATM and
PALB?2) are suggested to also be associated with contralateral breast cancer risk?2°.The
10-year contralateral breast cancer risk in women with BRCA1/2 germline mutations was
estimated between 20-30% (Figure 2) 202226 Although the contralateral breast cancer
risk is considerably high in women with BRCA1/2 germline mutation, only between 1-5%
of the European-descent general breast cancer population has a mutation in these
genes?9?2?7 Consequently, the choice of contralateral preventive mastectomy remains
still debatable in a large part of general breast cancer population without any genetic
predisposition. Furthermore, the increasing usage of (neo)adjuvant systemic therapies
(chemo and endocrine therapy), intended to prevent breast cancer recurrences, has
also been demonstrated to indirectly reduce the risk/incidence of contralateral breast
cancer'?'®,

100
80 -

60 -

Cumulative Probability (%)

0 5 10 15 20 25

Time Between First and Contralateral
Breast Cancer (years)
Figure 2: cumulative incidence of contralateral breast cancer in patients with BRCA1/2 germline

mutation (Data source: the German Consortium for Hereditary Breast and Ovarian Cancer,
N=1,042; CBC=135%, reproduced with permission from Journal of Clinical Oncology)
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Decision-making for mastectomy

Psychological factors play a substantial role in a patient's decision regarding contralateral
preventive mastectomy and in the outcome perceptions'®?%2°, The risk reducing benefit
of the surgery is commonly recognized. Contralateral preventive mastectomy mostly
avoids a new breast cancer diagnosis and the subsequent new treatments'®, As a
consequence, contralateral preventive mastectomy might improve survival of first
breast cancer patients. On the other hand, this intervention is not without negative
consequences: approximately 30 out of 100 of women experience difficulties with
body image, feminine identity, and sexual intimacy after surgery'®. In addition, about
15-20% of patients who undergo contralateral preventive mastectomy may experience
postoperative complications leading to higher medical costs and a potential lower quality
of life?>3". Contralateral preventive mastectomy complications at (or about) the time of
first breast cancer diagnosis may cause delays in initiating adjuvant systemic therapies
increasing chance of breast cancer recurrences??3°. The benefit of avoiding the potential
subsequent second breast cancer treatments should be correctly weighed against the
costs of a negative body image and the potential postoperative complications. This
harm and costs evaluation may be important during the consultation between patients
and physicians to take a decision about the contralateral preventive mastectomy.

What is the role for prediction models in contralateral breast cancer prevention?
An appropriate risk prediction is crucial to more objectively quantify harms and benefit for
a clinical decision making. Individualized contralateral risk prediction might help shared
decision-making of physicians and patients about prevention strategies for those at
high contralateral breast cancer risk, and to avoid unnecessary contralateral preventive
mastectomies when contralateral breast cancer risk is low. Thus, contralateral breast
cancer risk should be formally calculated to help patients and physicians during the
decision making process towards preventive strategies, especially regarding contralateral
preventive mastectomy'®. This ambition may be successfully achieved under several
conditions. First of all, the predicted risks should be sufficiently accurate and reliable.
Good quality of data and performance assessment of the predicted risks is essential to
evaluate prediction accuracy or to investigate the reasons causing inaccurate estimations.
Secondly, the expected benefit of a clinical decision should be precisely quantified weighing
pros and cons regarding preventive strategies. Last but not least, as long as predictions
are accurate and the expected benefit is properly quantified, risk communication is really
important in informing patients and physicians. Different methods of risk visualization
may facilitate risk communication and the use of prediction tools in clinical practice®.

Regression is the most widely statistical technique used to develop a risk prediction model

and to provide absolute risk prediction®. A risk prediction model exploits the relation
between predictors and the outcome of interest in a representative sample of patients. In
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many cancer studies, the main outcome of interest is time until an event occurs, generally
known as survival time. The methods considering survival time as outcome are defined as
survival analysis 3. However, when the event (e.g., death) does not occur in all individuals
by the end of the follow-up, the true survival time is not known. This analytical problem is
defined as censoring. Typically, censoring occurs when: a person does not experience the
event of interest before the study ends, a person is lost to follow-up during the study, or a
person withdraws from the study. The latter may happen when a competing event occurs.
Let contralateral breast cancer event be the event of interest, patients may withdraw
from the study because of dying. Therefore, death is a competing event that precludes
the contralateral breast cancer from happening. Statistical models accounting for both
censoring, and competing risks exist and are widely used in clinical practice such as in
cardiology and oncology®=’. The most common statistical regression models for survival
analysis with or without competing risks are the Cox proportional hazard regression and
the Fine and Gray regression model*’.

Evaluation of performance and utility of risk prediction models

The statistical performance of a risk prediction model is important to validly support
decision-making. A risk prediction model's performance is measured usually in terms of
discrimination and calibration. The former is the ability of the model to identify subjects
with good outcome and with poor outcome?®®°. The latter is the agreement between
observed and predicted outcome®. Both can be evaluated in the development data as
internal validation or in independent data as external validation. The latter assessment
provides an indication about the generalizability and the transportability of the risk
prediction model in a new setting**4'. An increasing number of performance measures
have been proposed in the last two decades for survival models. Many extend to the case
of competing risks. However, clear guidance is lacking for a comprehensive assessment
of the performance for survival and competing risks models “*“4. Moreover, a model
may show good performance in terms of discrimination and calibration, while both
measures are unable to provide an answer to the question whether a risk prediction
model should be used in practice to guide clinical decision making.

Net benefit is a relative novel measure to evaluate the clinical utility of risk prediction
models and diagnostic tests weighting benefit and harms of a clinical decision making in
public health®®#’. Early detection and disease prevention are two of the most important
goals in medicine. Physicians generally accept to recommend to persons or patients a
certain number of unnecessary preventive strategies or treatments for the benefit to
early detect or prevent a disease. This implies that the cost of missing the early detection
or prevention of a certain disease (defined as false negatives) is typically more important
than the cost of unnecessary preventive strategies or treatments recommendation
(defined as false positives). The nationwide mammography screening program is a clear
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example: public health physicians accept to recommend a high number of unnecessary
screenings in a large population of healthy women to early detect a breast cancer with
the aim to anticipate treatment and improve prognosis. This is also feasible because
mammography screenings are considered as an acceptable safe procedure with a low
number of side effects. In disease prevention, treatments or preventive strategies like
surgeries may be more harmful than the mammography screening. For example, as
previously mentioned, a certain number of complications after a contralateral preventive
mastectomy may be possible.

Imagine having to decide about contralateral preventive mastectomy in 1000 patients
diagnosed with first breast cancer. As previously reported, about 50 out of 1000 patients
will develop a cancer in the contralateral breast in 10 years (i.e., as previously reported an
expected 5% 10-year cumulative incidence). Suppose physicians recommend contralateral
preventive mastectomy to all breast cancer patients irrespective of their age, potential
germline mutations, family history and the other first breast cancer characteristics. We
define this strategy as “intervention to all”. This means we prevent 50 contralateral breast
cancers (i.e., 5% benefit) at the cost of 950 unnecessary surgeries (i.e., 95% harm). Now,
suppose that another strategy (named “alternative strategy”, e.g., using a risk prediction
model) is available and it reduces the number of unnecessary surgeries to 450, but
preventing only 40 contralateral breast cancers. Is reducing 500 unnecessary surgeries at
the cost of not preventing 10 contralateral breast cancers a good trade-off? To answer this
question, it is important that physicians define how many patients should unnecessary
undergo the contralateral preventive mastectomy to prevent one contralateral breast
cancer. For example, a physician thinks that no more than 25 patients should undergo
the surgery to prevent one contralateral breast cancer: this implies that not preventing
a contralateral breast cancer is twenty-four times more harmful than undergoing an
unnecessary preventive surgery. This 1:25 ratio would imply a decision threshold of 4%,
and a relative weight of unnecessary surgery as 1/24 that of missing one contralateral
breast cancer. The result of the net benefit calculation is reported in Table 1.

The net benefit is 1% and 2% for the strategy “interventions to all” and “alternative
strategy”, respectively. In other words, assuming the same number of unnecessary
interventions, the “alternative strategy” prevents 20 contralateral breast cancers per
1000 patients at risk. The “intervention to all” strategy leads to prevent less contralateral
breast cancers (i.e,, 10) than the “alternative strategy”. Thus, the net benefit of the
“alternative strategy” is higher than the “intervention to all” strategy using 1/24 as weight
of benefit and harms. However, physicians may have different opinions about how many
patients should undergo unnecessary surgeries to prevent one disease. For this reason,
net benefit calculation may be possible to define which strategy has higher net benefit
using different exchange rates#+,
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Table 1: an example of net benefit calculation

Number of patients with first breast cancer: 1000
Expected number of contralateral breast cancers in 10 years: 50

How many unnecessary
mastectomies a physicianis  Exchange
willing to accept to prevent a rate
contralateral breast cancer?

Net Benefit =
Strategies Benefit Harm benefit - (harm x
exchange rate)

Interventions 5% 95% 5% - (95% x1/24) =
to all (50/1000) (950/1000) 1%
25 124 ,
Alternative 4% 45% 4% - (45% x1/24) =
strategy (40/1000) (450/1000) 2%

The goal of this thesis is to develop, validate and evaluate the potential clinical
utility of a contralateral breast cancer prediction model to provide contralateral
breast cancer prediction at 5 and 10 years since diagnosis of first primary breast
cancer. Frameworks of assessing prediction performance in time-to-event models
with or without competing risks are proposed using motivating examples in
breast cancer.

THESIS OUTLINE

We set out to develop a risk prediction model for contralateral breast cancer. named
PredictCBC, using international population-based and hospital-based studies (Table 2,
Chapter 2).

Table 2: Data sources used in the thesis

Source Country Description Chapter
Amsterdam Breast Cancer Study the Netherlands Hospital-based study 2-3-4
(ABCS)
Breast Cancer
Assocwaqon International Population and hosplta\— 534
Consortium based studies
(BCAC)
Breast Cancer
Outcome Study of Mutation the Netherlands Hospital-based study 2-3-4
(BOSOM)
Erasmus
Medical Center the Netherlands Hospital-based study 2-3-4
(EMC)
Hereditary Breast and .
Ovarian cancer study the Netherlands Populsttsjc;m;based 4
(HEBON) Y
the Netherlands Cancer Population-based
Registry the Netherlands P <tud 2-3-4-5-7
(NCR) y

*selection through clinical genetic centers
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Using the same data (Table 2), we evaluated and compared the prediction performance
of PredictCBC with other tools available to calculate the contralateral breast cancer
risk in clinical practice: CBCrisk and the Manchester formula (Chapter 3). We updated
PredictCBC models using more clinical and genetic information available including body
mass index, parity, CHEK2 c.1100del, and polygenic risk score to potentially improve the
contralateral breast cancer risk prediction performance for decision making (Chapter 4).
We estimated the contralateral breast cancer risk in patients with ductal carcinoma in
situ, a possible precursor of breast cancer since less is known about contralateral breast
cancer risk in comparison with invasive breast cancer patients (Chapter 5). Finally, we
provide frameworks of how to assess prediction performance in time-to-event models
with and without competing risks using motivating examples in breast cancer as a
guidance for researchers and practitioners interested in risk prediction (Chapter 6 and
Chapter 7).

18 | CHAPTER1

REFERENCES

10

11

12

13

14

15

16

Bray, F. et al. Global cancer statistics 2018: GLOBOCAN estimates of incidence and mortality worldwide for
36 cancers in 185 countries. CA Cancer J Clin 68, 394-424, doi:10.3322/caac.21492 (2018).

Netherlands Cancer Registry (NCR). Survival and prevalence of cancer, <https://www.cijfersoverkanker.nl>
(2016).

van der Meer, D. ). et al. Comprehensive trends in incidence, treatment, survival and mortality of first
primary invasive breast cancer stratified by age, stage and receptor subtype in the Netherlands between
1989 and 2017. Int J Cancer 148, 2289-2303, doi:10.1002/ijc.33417 (2021).

Brenner, D. J. Contralateral second breast cancers: prediction and prevention. / Nat/ Cancer Inst 102, 444-
445, doi:10.1093/jnci/djg058 (2010).

Mariani, L. et al. Prognostic factors for metachronous contralateral breast cancer: a comparison of the
linear Cox regression model and its artificial neural network extension. Breast Cancer Res Treat 44, 167-178,
doi:10.1023/a:1005765403093 (1997).

Veronesi, U. et al. Twenty-year follow-up of a randomized study comparing breast-conserving surgery with
radical mastectomy for early breast cancer. N Engl | Med 347, 1227-1232, doi:10.1056/NEJM0a020989
(2002).

Schaapveld, M. et al. Risk of new primary nonbreast cancers after breast cancer treatment: a Dutch
population-based study. / Clin Oncol 26, 1239-1246, doi:10.1200//C0.2007.11.9081 (2008).

Cheung, K.J. & Davidson, N. E. Double Trouble: Contralateral Breast Cancer Risk Management in the Modern
Era./ Natl Cancer Inst 111, 641-643, doi:10.1093/jnci/djy203 (2019).

Curtis, R. E., Ron, E., Hankey, B. F. & Hoover, R. N. in New malignancies among cancer survivors: SEER Cancer
Registries, 1973-2000 (ed National Institutes of Health (NIH)) pp 185-2005 (2006).

Soerjomataram, . et al. Risks of second primary breast and urogenital cancer following female breast cancer
in the south of The Netherlands, 1972-2001. Eur / Cancer 41, 2331-2337, doi:10.1016/j.ejca.2005.01.029
(2005).

Chen, Y., Thompson, W., Semenciw, R. & Mao, Y. Epidemiology of contralateral breast cancer. Cancer
Epidemiol Biomarkers Prev 8, 855-861 (1999).

Kramer, I. et al. The influence of adjuvant systemic regimens on contralateral breast cancer risk and receptor
subtype. / Nat/ Cancer Inst, doi:10.1093/jnci/djz010 (2019).

Vichapat, V. et al. Prognosis of metachronous contralateral breast cancer: importance of stage, age and
interval time between the two diagnoses. Breast Cancer Res Treat 130, 609-618, doi:10.1007/s10549-011-
1618-8 (2011).

Schaapveld, M. et al. The impact of adjuvant therapy on contralateral breast cancer risk and the prognostic
significance of contralateral breast cancer: a population based study in the Netherlands. Breast Cancer Res
Treat 110, 189-197, doi:10.1007/510549-007-9709-2 (2008).

Langballe, R. et al. Mortality after contralateral breast cancer in Denmark. Breast Cancer Res Treat 171, 489-
499, doi:10.1007/510549-018-4846-3 (2018).

Hartman, M. et al. Incidence and prognosis of synchronous and metachronous bilateral breast cancer. / Clin

INTRODUCTION | 19



17
18

19
20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

20

Oncol 25, 4210-4216, doi:10.1200//C0O.2006.10.5056 (2007).

Mariotti, C. Ductal Carcinoma in Situ of the Breast. Springer International Publishing (2018).

Murphy, J. A, Milner, T. D. & O'Donoghue, J. M. Contralateral risk-reducing mastectomy in sporadic breast
cancer. Lancet Oncol 14, e262-269, doi:10.1016/51470-2045(13)70047-0 (2013).

Narod, S. A. Bilateral breast cancers. Nat Rev Clin Oncol 11, 157-166, doi:10.1038/nrclinonc.2014.3 (2014).
van den Broek, A. J. et al. Impact of Age at Primary Breast Cancer on Contralateral Breast Cancer Risk in
BRCA1/2 Mutation Carriers. / Clin Oncol 34, 409-418, doi:10.1200/JC0.2015.62.3942 (2016).
Kuchenbaecker, K. B. et al. Risks of Breast, Ovarian, and Contralateral Breast Cancer for BRCA1 and BRCA2
Mutation Carriers. JAMA 317, 2402-2416, doi:10.1001/jama.2017.7112 (2017).

Weischer, M. et al. CHEK2*1100delC heterozygosity in women with breast cancer associated with early
death, breast cancer-specific death, and increased risk of a second breast cancer. / Clin Oncol 30, 4308-
4316, doi:10.1200/JC0O.2012.42.7336 (2012).

Broeks, A. et al. Excess risk for contralateral breast cancer in CHEK2*1100delC germline mutation carriers.
Breast Cancer Res Treat 83, 91-93, doi:10.1023/B:BREA.0000010697.49896.03 (2004).

Robson, M. E. et al. Association of Common Genetic Variants With Contralateral Breast Cancer Risk in the
WECARE Study. / Natl Cancer Inst 109, doi:10.1093/jnci/djx051 (2017).

Fanale, D. et al. Detection of Germline Mutations in a Cohort of 139 Patients with Bilateral Breast Cancer by
Multi-Gene Panel Testing: Impact of Pathogenic Variants in Other Genes beyond BRCA1/2. Cancers (Basel)
12, doi:10.3390/cancers12092415 (2020).

Graeser, M. K. et al. Contralateral breast cancer risk in BRCAT and BRCA2 mutation carriers. J Clin Oncol 27,
5887-5892, doi:10.1200//C0O.2008.19.9430 (2009).

Thompson, D. & Easton, D. The genetic epidemiology of breast cancer genes. /| Mammary Gland Biol
Neoplasia 9, 221-236, doi:10.1023/B:JOMG.0000048770.90334.3b (2004).

Ager, B. et al. Contralateral prophylactic mastectomy (CPM): A systematic review of patient reported
factors and psychological predictors influencing choice and satisfaction. Breast 28, 107-120, doi:10.1016/j.
breast.2016.04.005 (2016).

Agarwal, S., Pappas, L., Matsen, C. B. & Agarwal, J. P. Second primary breast cancer after unilateral
mastectomy alone or with contralateral prophylactic mastectomy. Cancer Med, doi:10.1002/cam4.3394
(2020).

Keskey, R. C. et al. Cost-effectiveness Analysis of Contralateral Prophylactic Mastectomy Compared to
Unilateral Mastectomy with Routine Surveillance for Unilateral, Sporadic Breast Cancer. Ann Surg Oncol 24,
3903-3910, doi:10.1245/510434-017-6094-x (2017).

Parker, P. A. et al. Prospective Study of Psychosocial Outcomes of Having Contralateral Prophylactic
Mastectomy Among Women With Nonhereditary Breast Cancer. J Clin Oncol 36, 2630-2638, doi:10.1200/
JCO.2018.78.6442 (2018).

Van Belle, V. & Van Calster, B. Visualizing Risk Prediction Models. PLoS One 10, e0132614, doi:10.1371/
journal.pone.0132614 (2015).

Harrell, F. E., Jr. Regression Modeling Strategies with applications to linear models, logistic and ordinal
regression, and survival analysis. Springer Series in Statistics 2nd edition (2015).

Clark, T. G., Bradburn, M. J., Love, S. B. & Altman, D. G. Survival analysis part I: basic concepts and first

|  CHAPTER1

35

36

37

38

39

40

41

42

43

44

45

46

47

48

analyses. Br/ Cancer 89, 232-238, doi:10.1038/s].bjc.6601118 (2003).

Haller, B., Schmidt, G. & Ulm, K. Applying competing risks regression models: an overview. Lifetime Data Anal
19, 33-58, doi:10.1007/s10985-012-9230-8 (2013).

Austin, P. C,, Lee, D. S. & Fine, J. P. Introduction to the Analysis of Survival Data in the Presence of Competing
Risks. Circulation 133, 601-609, doi:10.1161/CIRCULATIONAHA.115.017719 (2016).

Wolbers, M., Koller, M. T., Witteman, J. C. & Steyerberg, E. W. Prognostic models with competing risks: methods
and application to coronary risk prediction. Epidemiology 20, 555-561, doi:10.1097/EDE.Ob013e3181a39056
(2009).

Steyerberg, E. W. et al. Assessing the performance of prediction models: a framework for traditional and
novel measures. Epidemiology 21, 128-138, doi:10.1097/EDE.Ob013e3181c30fb2 (2010).

Pencina, M. J. & D'Agostino, R. B., Sr. Evaluating Discrimination of Risk Prediction Models: The C Statistic.
JAMA 314, 1063-1064, doi:10.1001/jama.2015.11082 (2015).

Steyerberg, E. W. & Harrell, F. E., Jr. Prediction models need appropriate internal, internal-external, and
external validation. J Clin Epidemiol 69, 245-247, doi:10.1016/}.jclinepi.2015.04.005 (2016).

Austin, P. C. et al. Geographic and temporal validity of prediction models: different approaches were useful
to examine model performance. / Clin Epidemiol 79, 76-85, doi:10.1016/j.jclinepi.2016.05.007 (2016).

van Houwelingen, H. C. Validation, calibration, revision and combination of prognostic survival models. Stat
Med 19, 3401-3415 (2000).

Kamarudin, A. N., Cox, T. & Kolamunnage-Dona, R. Time-dependent ROC curve analysis in medical research:
current methods and applications. BMC Med Res Methodol 17, 53, doi:10.1186/s12874-017-0332-6 (2017).
Austin, P. C,, Harrell, F. E., Jr. & van Klaveren, D. Graphical calibration curves and the integrated calibration
index (ICl) for survival models. Stat Med 39, 2714-2742, doi:10.1002/sim.8570 (2020).

Vickers, A. J., Van Calster, B. & Steyerberg, E. W. Net benefit approaches to the evaluation of prediction
models, molecular markers, and diagnostic tests. BMJ 352, i6, doi:10.1136/bmj.i6 (2016).

Vickers, A. J. & Elkin, E. B. Decision curve analysis: a novel method for evaluating prediction models. Med
Decis Making 26, 565-574, doi:10.1177/0272989X06295361 (2006).

Vickers, A. J., Cronin, A. M., Elkin, E. B. & Gonen, M. Extensions to decision curve analysis, a novel method
for evaluating diagnostic tests, prediction models and molecular markers. BMC Med Inform Decis Mak 8, 53,
doi:10.1186/1472-6947-8-53 (2008).

Kerr, K. F., Brown, M. D., Zhu, K. & Janes, H. Assessing the Clinical Impact of Risk Prediction Models With
Decision Curves: Guidance for Correct Interpretation and Appropriate Use. / Clin Oncol 34, 2534-2540,
doi:10.1200/JC0O.2015.65.5654 (2016).

INTRODUCTION | 21



Chapter 2

Prediction and clinical utility of a contralateral
breast cancer risk model

Breast Cancer Research. 2019 Dec; 21(1):1-3*
https.//breast-cancer-research.biomedcentral.com/articles/10.1186/s13058-019-1221-1

Daniele Giardiello

Ewout W. Steyerberg,

Michael Hauptmann,

Muriel A. Adank, Delal Akdeniz, Carl Blomaqvist, Stig E. Bojesen, Manjeet K. Bolla, Mariél
Brinkhuis, Jenny Chang-Claude, Kamila Czene, Peter Devilee, Alison M. Dunning,
Douglas F. Easton, Diana M. Eccles, Peter A. Fasching, Jonine Figueroa, Henrik

Flyger, Montserrat Garcia-Closas, Lothar Haeberle, Christopher A. Haiman, Per Hal,
Ute Hamann, John L. Hopper, Agnes Jager, Anna Jakubowska, Audrey Jung, Renske
Keeman, Iris Kramer, Diether Lambrechts, Loic Le Marchand, Annika Lindblom, Jan
Lubinski, Mehdi Manoochehri, Luigi Mariani, Heli Nevanlinna, Hester S.A. Oldenburg,
Saskia Pelders, Paul D.P. Pharoah, Mitul Shah, Sabine Siesling, Vincent T.H.B.M. Smit,
Melissa C. Southey, William J. Tapper, Rob A.E.M. Tollenaar, Alexandra J. van den Broek,
Carolien H.M. van Deurzen, Flora E. van Leeuwen, Chantal van Ongeval, Laura J. Van't
Veer, Qin Wang, Camilla Wendt, Pieter J. Westenend,

Maartje J. Hooning

Marjanka K. Schmidt

#Author affiliations available on the journal's website



ABSTRACT

Background

Breast cancer survivors are at risk for contralateral breast cancer (CBC), with the
consequent burden of further treatment and potentially less favorable prognosis. We
aimed to develop and validate a CBC risk prediction model, and evaluate its applicability
for clinical decision-making.

Methods

We included data of 132,756 invasive non-metastatic breast cancer patients from 20
studies with 4,682 CBC events and a median follow-up of 8.8 years. We developed
a multivariable Fine and Gray prediction model (PredictCBC-1A) including patient,
primary tumor, and treatment characteristics, and BRCA7/2 germline mutation status,
accounting for the competing risks of death and distant metastasis. We also developed
a model without BRCAT/2 mutation status (PredictCBC-1B) since this information was
available for only 6% of patients and is routinely unavailable in the general breast cancer
population. Prediction performance was evaluated using calibration and discrimination,
calculated by a time-dependent Area-Under-the-Curve (AUC) at 5 and 10 years after
diagnosis of primary breast cancer, and an internal-external cross-validation procedure.
Decision curve analysis was performed to evaluate the net benefit of the model to
quantify clinical utility.

Results

In the multivariable model, BRCA1/2 germline mutation status, family history and
systemic adjuvant treatment showed the strongest associations with CBC risk. The AUC
of PredictCBC-1Awas 0.63 (95% prediction interval (Pl) at 5 years: 0.52-0.74; at 10 years:
0.53-0.72). Calibration in-the-large was -0.13 (95%PI: -1.62-1.37) and the calibration
slope was 0.90 (95%PI: 0.73-1.08). The AUC of Predict-1B at 10 years was 0.59 (95%
Pl: 0.52-0.66); calibration was slightly lower. Decision curve analysis for preventive
contralateral mastectomy showed potential clinical utility of PredictCBC-1A between
thresholds of 4-10% 10-year CBC risk for BRCA1/2 mutation carriers and non-carriers.

Conclusions

We developed a reasonably calibrated model to predict the risk of CBC in women of
European-descent, however, prediction accuracy was moderate. Our model shows
potential for improved risk counseling, but decision making regarding contralateral
preventive mastectomy, especially in the general breast cancer population where
limited information of the mutation status in BRCA1/2 is available, remains challenging.
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INTRODUCTION

Breast cancer (BC) is a major burden for women’s health!. Survival has improved
substantially over the past half century due to earlier detection and advanced treatment
modalities, for example in the Netherlands, 10-year survival of a first primary BC
improved from 40% in 1961-1970 to 79% in 2006-2010%. Consequently, an increasing
numbers of BC survivors are at risk to develop a new primary tumor in the opposite
(contralateral) breast, with subsequent treatment and potentially less favorable
prognosistl. BC survivors are more likely to develop contralateral breast cancer (CBC)
compared to healthy women to develop a first primary BC.

Women at elevated CBC risk have been identified to be BRCAT/2 and CHEKZ ¢.1100del
mutation carriers and to have a BC family history, particular a family history of bilateral
BCE19. For BRCAT/2 mutation carriers, in whom CBC risk is high, contralateral preventive
mastectomy (CPM) is often offered. However, the average risk of CBC among all first
BC survivors is still relatively low, with an incidence of ~0.4% per year"?'4. Despite this,
in recent years, CPM frequency has increased among women in whom CBC risk is low!"l,
For these reasons, there is an urgent need for improved individualized prediction of
CBC risk, both to facilitate shared-decision making of physicians and women regarding
treatment and prevention strategies for those at high CBC risk and to avoid unnecessary
CPM or surveillance mammography after first primary BC when CBC risk is low.

To our knowledge, only one specific CBC risk prediction model (CBCrisk) has been
developed to date. CBCrisk used data on 1,921 CBC cases and 5,763 matched controls
with validation in two independent US studies containing a mix of invasive and in-situ
BCU's 171, Moreover, the level of prediction performance measures such as calibration
and discrimination needed for a CBC risk prediction to be clinically useful have not yet
been addressed!'®.

Our aim was two-fold: first, to develop and validate a CBC risk prediction model using a
large international series of individual patient data including 132,756 patients with a first
primary invasive BC between 1990 and 2013 from multiple studies in Europe, US and
Australia with 4,682 incident CBCs; and second, to evaluate the potential clinical utility
of the model to support decision making.

MATERIAL AND METHODS

Study population
We used data from five main sources: three studies from the Netherlands, 16 studies from
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the Breast Cancer Association Consortium (BCAC), and a cohort from the Netherlands
Cancer Registry!"22. For details regarding data collection and patient inclusion see
Supplementary Material section: Data and patient selection and TableS1, and
Table S2. We included female patients with invasive non-metastatic first primary BC
with no prior history of cancer (except for non-melanoma skin cancer). The studies were
either population- or hospital-based series; most women were of European-descent.
We only included women diagnosed after 1990 to have a population with diagnostic and
treatment procedures likely close to modern practice and at the same time sufficient
follow-up to study CBCincidence; in total 132,756 women from 20 studies were included.
All studies were approved by the appropriate ethics and scientific review boards. All
women provided written informed consent or did not object to secondary use of clinical
data in accordance with Dutch legislation and codes of conduct!?® 24,

Available data and variable selection

Several factors have been shown or suggested to be associated with CBC risk, including
age at first BC, family history for BC, BRCA1/2 and CHEK2 c.1100del mutations, body
mass index (BMI), breast density change, (neo)adjuvant chemotherapy, endocrine
therapy, CPM, and characteristics of the first BC such as histology (lobular vs ductal),
estrogen receptor (ER) status, lymph node status, tumor size, and TNM stage 59 12 25
31 The choice of factors to include in the analyses was determined by evidence from
literature, availability of data in the cohorts, and current availability in clinical practice.
We extracted the following information: BRCA1/2 germline mutation, (first degree) family
history of primary BC, and regarding primary BC diagnosis: age, nodal status, size, grade,
morphology, ER status, progesterone-receptor (PR), human epidermal growth factor
receptor 2 (HER2) status, administration of adjuvant and/or neoadjuvant chemotherapy,
adjuvant endocrine therapy, adjuvant trastuzumab therapy, radiotherapy. We excluded
PR status and TNM stage of the primary BC due to collinearity with ER status and the
size of the primary tumor, respectively. In the current clinical practice, only patients
with ER-positive tumors receive endocrine therapy and only patients with HER2-positive
tumors receive trastuzumab; these co-occurrences were considered in the model by
using composite categorical variables. More information is available online about the
factors included in the analyses (Supplementary Material: Data patient selection
and Figure S1), follow-up per dataset, and study design (Table S2).

Statistical analyses
All analyses were performed using SAS (SAS Institute Inc., Cary, NC, USA) and R

softwareB”.

Primary endpoint, follow-up and predictors
The primary endpoint in the analyses was in-situ or invasive metachronous CBC. Follow-
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up started three months after invasive first primary BC diagnosis, in order to exclude
synchronous CBCs, and ended at date of CBC, distant metastasis (but not at loco-regional
relapse), CPM, or last date of follow-up (due to death, being lost to follow-up, or end of
study), whichever occurred first. The follow-up of 27,155 (20.4%) women from the BCAC
studies, recruited more than 3 months after diagnosis of the first primary BC (prevalent
cases) started at recruitment (left truncation). Distant metastasis and death due to any
cause were considered as competing events. Patients who underwent CPM during the
follow-up were censored because the CBC risk was almost zero after a CPMEEL.Missing
data were multiply imputed by chained equations (MICE) to avoid loss of information
due to case-wise deletion®> 4%, Details about the imputation model, strategy used, and
the complete case analysis, are provided in the Supplementary Material: Multiple
Imputation of missing values, Complete case analysis, and Model diagnostics and
baseline recalibration and Tables S3 and S4

Model development and validation

For model development, we used a multivariable Fine and Gray model regression to
account for death and distant metastases as competing eventsi“! 4. Heterogeneity
of baseline risks between studies was taken into account using the study as a
stratification term. A stratified model allows the baseline subdistribution hazard to be
different across the studies and parameter estimation is performed by maximization
of the partial likelihood per study. A Breslow-type estimator was used to estimate the
baseline cumulative subdistribution hazard per study. The assumption of proportional
subdistribution hazards was graphically checked using Schoenfield residuals*?. The
resulting subdistributional hazard ratios (sHRs) and corresponding 95% confidence
intervals (Cl) were pooled from the 10 imputed data sets using Rubin’s rulestl. We
built a nomogram for estimating the 5- and 10- year cumulative incidence of CBC as a
graphical representation of the multivariable risk prediction model®.

The validity of the model was investigated by leave-one-study-out cross-validation; i.e., in
each validation step all studies are used except one in which the validity of the model is
evaluated®® 47, Since the ABCS study and some studies from BCAC had insufficient CBC
events required for reliable validation, we used the geographic area as unit of splitting.
We had 20 studies in five main sources: 17 out of 20 studies that were combined in
4 geographic areas. In total, 3 studies and 4 geographic areas were used to assess
the prediction performance of the model (see Supplementary Material: Leave-one-
study-out cross-validation and Table S5)47 48,

The performance of the model was assessed by discrimination ability to differentiate

between patients who experienced CBC and those who did not, and by calibration, which
measures the agreement between observed and predicted CBC risk. Discrimination
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was quantified by time-dependent Area under the ROC Curves (AUCs) based on Inverse
Censoring Probability Weighting at 5 and 10 years 959, In presence of competing risks,
the R package timeROC provides two types of AUC according to different definition of
time-dependent cases and controls. AUCs were calculated considering a patient who
developed a CBC as a case and a patient free of any event as a control at 5 and 10
yearsP Values of AUCs close to 1 indicate good discriminative ability, while values close
to 0.5 indicated poor discriminative ability. Calibration was assessed by the calibration-
in-the-large and slope statistic®". Calibration-in-the-large lower or higher than zero
indicates that prediction is systematically too high or low, respectively. A calibration
slope of 1.0 indicates good overall calibration; slopes below (above) 1.0 indicate over
(under) estimation of risk by the model.

To allow for heterogeneity among studies, a random-effect meta-analysis was
performed to provide summaries of discrimination and calibration performance. The
95% prediction intervals (Pl) indicated the likely range for the prediction performances
of the model in a new dataset. Further details about the validation process are provided
in Supplementary Leave-one-study-out cross-validation.

Clinical utility

The clinical utility of the prediction model was evaluated using decision curve analysis
(DCA)B2 =3, Such a decision may apply to more or less intensive screening and follow-up
or to decision of a CPM. The key part of the DCA is the net benefit, which is the number
of true-positive classifications (in this example: the benefit of CPM to a patient who
would have developed a CBC) minus the number of false-positive classifications (in this
example: the harm of unnecessary CPM in a patient who would not have developed
a CBCQ). The false-positives are weighted by a factor related to the relative harm of a
missed CBC versus an unnecessary CPM. The weighting is derived from the threshold
probability to develop a CBC using a defined landmark time point (e.g. CBCrisk at 5 or 10
years)*4. For example, a threshold of 10% implies that CPM in 10 patients, of whom one
would develop CBC if untreated, is acceptable (thus performing 9 unnecessary CPMs).
The net benefit of a prediction model is traditionally compared with the strategies of
treat all or treat none. Since the use of CPM is generally only suggested among BRCA1/2
mutation carriers, for a more realistic illustration the decision curve analysis was
reported among BRCAT/2 mutation carriers and non-carriers[55]. See Supplementary
material: Clinical utility for details.
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RESULTS

A total of 132,756 invasive primary BC women diagnosed between 1990 and 2013, with
4,682 CBC events, from 20 studies, were used to derive the model for CBC risk (Table S2).
Median follow-up time was 8.8 years and CBC cumulative incidences at 5 and 10 years
were 2.1% and 4.1%, respectively. Details of the studies and patient, tumor, and treatment
characteristics are provided in Table S6. The multivariable model with estimates for all
included factors is shown in Table 1. BRCA1/2 germline mutation status, family history and
systemic adjuvant treatment showed the strongest associations with CBC risk.

Table 1. Multivariable subdistribution hazard model for contralateral breast cancer risk

Multivariable analysis

Factor (category) at primary breast cancer

sHR 95% ClI

Age, years 0.68" 0.62-0.74
Family history (yes versus no) 1.35 1.27-1.45
BRCA mutation

BRCAT versus non-carrier 3.68 3.34-4.07

BRCAZ2 versus non-carrier 2.56 2.36-2.78
Nodal status (positive versus negative) 0.87 0.80-0.93
Tumor size, cm

(2,5] versus < 2 0.95 0.89-1.02

>5versus < 2 1.14 0.99-1.31
Morphology (lobular including mixed versus ductal including other) 1.23 1.14-134
Grade

Moderately differentiated versus well differentiated 0.89 0.82-0.96

Poorly differentiated versus well differentiated 0.75 0.70-0.82
Chemotherapy (yes versus no) 0.77 0.70-0.84
Radiotherapy to the breast (yes versus no) 1.01 0.95-1.08
ER (positive or negative) / endocrine therapy (yes or no)

Negative/no versus positive/yes 1.43 1.30-1.57

Positive/no versus positive/yes 1.75 1.61-1.90
HER2 (positive or negative) / trastuzumab therapy (yes or no)

Negative/no versus positive/yes 1.08 0.93-1.27

Positive/no versus positive/yes 0.99 0.83-1.18

Abbreviations: sHR: subdistributional hazard ratio; Cl: confidence interval; ER: estrogen receptor;

HER2: human epidermal growth factor receptor 2; "Age was parameterized as a linear spline with one interior
knot at 50 years. For representation purposes, we here provide the sHR for the 75th versus the 25th percentile.
For more details about age parameterization, see also Supplementary Methods.

The prediction performance of the main model (PredictCBC, version 1A) based on
the leave-one-study-out cross-validation method is shown in Figure 1. The AUC at 5
years was 0.63 (95% confidence interval (Cl): 0.58-0.67; 95% prediction interval (PI):
0.52-0.74)); the AUC at 10 years was also 0.63 (95%Cl: 0.59-0.66; 95%PI: 0.53-0.72).
Calibrations showed some indications of overestimation of risk. The calibration-in-
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the-large was -0.13 (95%Cl: -0.66-0.40; 95%PI: -1.62-1.37). The calibration slope was
0.90 (95%Cl: 0.79-1.02; 95%PI: 0.73-1.08) in the cross-validation. Calibration plots are
provided in Figure S2 and S3.

A B

Validation dataset AUC [95%Cl] Validation dataset AUC [95%CI]
Europe - Other I 0.58[0.54, 0.61] Europe - Other — 0.63[0.57, 0.68]
Europe - Scandinavia - 0.63 [0.60, 0.67] Europe - Scandinavia —a— 0.59 [0.56, 0.62]
Europe - UK . 0.58[0.52, 0.64] Europe - UK e 0.61[0.57, 0.65]
Netherlands - BOSOM - 0.65[0.63, 0.66] Netherlands - BOSOM e 0.65[0.64, 0.67]
Netherlands - EMC —a— 0.69 [0.66, 0.72] Netherlands - EMC om 0.67 [0.64, 0.70]
Netherlands - NCR - 0.66 [0.64, 0.67] Netherlands - NCR - 0.66 [0.65, 0.67]
US and Australia — 0.57[0.52, 0.62] US and Australia —— 0.57[0.53, 0.61]
Meta-analysis —~— 0.63[0.58, 0.67] Meta-analysis e 0.63[0.59, 0.66]

0.4 0.49 0.57 0.66 0.75 0.4 0.49 057 0.66 0.75
AUC at 5 years AUC at 10 years

c D

Validation dataset Ci in-the-large [95% CI] dataset Calibration slope [95% CI]
Europe - Other . -0.20[-0.33, -0.07] Europe - Other e 0.69[0.46, 0.93]
Europe - Scandinavia o -0.54 [-0.69, -0.39] Europe - iinavi 0.85[0.49, 1.21]
Europe - UK —— -1.19[-1.39, -0.99] Europe - UK —_— 0.79[0.39, 1.18]
Netherlands - BOSOM = 3 -0.01[-0.14, 0.11] Netherlands - BOSOM —— 1.01[0.78, 1.24]
Netherlands - EMC L. 0.23[0.09, 0.36] Netherlands - EMC [ — 0.88[0.61, 1.14]
Netherlands - NCR ] 0.33[0.28, 0.39] Netherlands - NCR =] 0.95[0.88, 1.03]
US and Australia - 0.48[0.30, 0.66] US and Australia e 0.88 [0.50, 1.26]
Meta-analysis B -0.13[-0.66, 0.40] Meta-analysis - 0.90[0.79, 1.02]
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Figure 1. Analysis of predictive performance in leave-one-study-out cross-validation.

Panel A and B show the discrimination assessed by a time-dependent AUC at 5 and 10 years,
respectively. Panel C shows the calibration accuracy measured with calibration in-the-large. Panel
D shows the calibration accuracy measured with calibration slope. The black squares indicate the
estimated accuracy of a model built using all remaining studies or geographic areas. The black
horizontal lines indicate the corresponding 95% confidence intervals of the estimated accuracy
(interval whiskers). The black diamonds indicate the mean with the corresponding 95% confidence
intervals of the predictive accuracy and the dashed horizontal lines indicate the corresponding
95% prediction intervals.

The nomogram representing a graphical tool for estimating the CBC cumulative
incidence at 5 and 10 years based on our model and the estimated baseline of the
Dutch Cancer Registry is shown in Figure 2. In the nomogram, the categories of each
factor are assigned a score using the topmost ‘Points’ scale, then all scores are summed
up to obtain the Total points’, which relate to the cumulative incidence of CBC. The
formulae of the models (PredictCBC-1A and 1B) providing the predicted cumulative
incidence are given in Supplementary Material: Formula to estimate the CBC risk
and Formula to estimate CBC risk in patients not tested for BRCA.
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Figure 2. Nomogram for prediction of 5- and 10-year contralateral breast cancer cumulative
incidence.

The 5- and 10-years contralateral breast cancer cumulative incidence is calculated by taking the
sum of the risk points, according to patient, first primary breast cancer tumor, and treatment
characteristics. For each factor, the number of associated risk points can be determined by drawing
a vertical line straight up from the factor’s corresponding value to the axis with risk points (0-100).
The total points axis (0-350) is the sum of the factor's corresponding values determined by every
individual patient's characteristics. Draw a line straight down from the total points axis to find the
5-and 10-years cumulative incidence.

PBC=primary breast cancer; ER=estrogen receptor status; HER2= human epidermal growth factor
receptor 2; yr=year

The DCAs for preventive contralateral mastectomy showed potential clinical utility of
PredictCBC-1A between thresholds of 4-10% 10-year CBC risk for BRCAT/2 mutation
carriers and non-carriers (Table 2). For example, if we find it acceptable that one in
10 patients for whom a CPM is recommended develops a CBC, a risk threshold of
10% may be used to define high and low risk BRCA7/2 mutation carriers based on the
absolute 10-year CBC risk prediction estimated by the model. Compared with a strategy
recommending CPM to all carriers of a mutation in BRCAT/2, this strategy avoids 161
CPMs per 1,000 patients. In contrast, almost no non BRCAT/2 mutation carriers reach
the 10% threshold (the general BC population, Figure 3). The decision curves provide
a comprehensive overview of the net benefit for a range of harm-benefit thresholds at
10-year CBC risk (Figure 4).

Decision curves for CBC risk at 5 year and the corresponding clinical utility are provided
in Figure S4 and Table S7, respectively.
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Table 2: Clinical utility of the 10-year contralateral breast cancer risk prediction model. At
the same probability threshold, the net benefit is exemplified in BRCA1/2 mutation carriers
(for avoiding unnecessary CPM) and non-carriers (performing necessary CPM).

Unnecessary

BRCA1/2 mutation carriers

Net benefit

F;L(::Saﬁ(!:éy CPMs needed versus Avoided unnecessary Nevtel?sgseﬂt Performed
. (%) to preveﬁt a treatva\l patients CPMs per 1000 A necessary CEMS
CBC with CPM patients (per 1000) per 1000 patients
(per 1000)
4 24.0 0.0 0.0 3.9 93.6
5 19.0 0.0 0.0 2.1 39.9
6 15.7 0.1 1.6 0.5 7.8
7 133 1.9 252 0.1 13
8 11.5 5.5 63.3 0.0 0.0
9 10.1 10.7 108.2 0.0 0.0
10 9.0 17.9 161.1 0.0 0.0

CPM: contralateral preventive mastectomy; CBC: contralateral breast cancer;
“The number of unnecessary contralateral mastectomies needed to prevent a CBC is calculated by: (1-p,)/p,. See
also Supplementary Methods.

50

|

03 04
Predicted 10-year risk

Figure 3: Density distribution of 10-year predicted contralateral breast cancer absolute risk
within non-carriers (area with black solid lines) and BRCA1/2 mutation carriers (area with
black dashed lines).
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Figure 4: Decision curve analysis at 10 years for the contralateral breast cancer risk model
including BRCA mutation information.

Panel A shows the decision curve to determine the net benefit of the estimated 10-year predicted
contralateral breast cancer (CBC) cumulative incidence for patients without a BRCA1/2 gene
mutation using the prediction model (dotted black line) compared to not treating any patients
with contralateral preventive mastectomy (CPM) (black solid line). Panel B shows the decision curve
to determine the net benefit of the estimated 10-year predicted CBC cumulative incidence for
BRCA1/2 mutation carriers using the prediction model (dotted black line) versus treating (or at least
counseling) all patients (grey solid line). The y-axis measures net benefit, which is calculated by
summing the benefits (true positives, i.e., patients with a CBC who needed a CPM) and subtracting
the harms (false positives, i.e., patients with CPM who do not need it). The latter are weighted by a
factor related to the relative harm of a non-prevented CBC versus an unnecessary CPM. The factor
is derived from the threshold probability to develop a CBC at 10 years at which a patient would opt
for CPM (e.g. 10%). The x-axis represents the threshold probability. Using a threshold probability
of 10% implicitly means that CPM in 10 patients of whom one would develop a CBC if untreated is
acceptable (9 unnecessary CPMs, harm to benefit ratio 1:9).
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We also derived a risk prediction model (PredictCBC, version 1B) omitting BRCA status
to provide CBC risk estimates for first BC patients not tested for BRCAT/2 mutations.
This model has slightly lower prediction performance; AUC at 5 and 10 years was both
0.59 (at 5 years: 95% CI: 0.54-0.63; 95% PI: 0.46-0.71; at 10 years:0.56-0.62; 95% PI:
0.52-0.66), calibration-in-the-large was -0.17 (95% Cl: -0.72-0.38; 95% PI: -1.70-1.36)
and calibration slope was 0.81 (95% Cl: 0.63-0.99; 95% PI: 0.50-1.12) (Supplementary
Material Results of the prediction model without BRCA mutation). Details of
development, validation, and clinical utility are provided in Tables S8-10 and Figures
S5-10.

In a sensitivity analysis (see Supplementary Material: Assessment of limited
information of CPM), we studied the impact of CPM on our results using two studies, in
which CPM information was (almost) completely available. The lack of CPM information on
cumulative incidence estimation hardly affected the results of our analyses (Figure S11).

DISCUSSION

Using established risk factors for CBC which are currently available in clinical practice,
we developed PredictCBC, which can be used to calculate 5- and 10-year absolute CBC
risk. The risk prediction model includes carriership of BRCAT/2 mutations, an important
determinant of CBC risk in the decision-making processfel.

The calibration of the model was reasonable and discrimination moderate within the
range of other tools commonly used for routing counseling and decision-making in
clinical oncology for primary BC risk[56-59]. As expected, the prediction accuracy was
lower when we omitted the BRCA mutation carrier status although the prevalence of
BRCA mutations among BC patients is quite low (2-49)©0% 61,

In the breast cancer population, CBC is a relatively uncommon event (~0.4% per year)
and difficult to predict. Therefore physicians should carefully consider which patients
should consider CPM using a prediction model®?, The current clinical recommendations
of CPM are essentially based on the presence of a mutation in the BRCA1/2 genes. Based
on the risk distribution defined by the current model (Figure 3), this is a reasonable
approach: essentially no non-carrier women reach a 10% risk 10-year threshold.
However, more than 50% of carriers do not reach this threshold either, suggesting
that a significant proportion of BRCA1/2 carriers might be spared CPM. Contralateral
surveillance mammography may also be avoided although detection and knowledge of
recurrences may be necessary for better defined individualized follow-up and patient-
tailored treatment strategiesf®® 64,
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CBC risk patterns and factors were identified previously in a large population-based
study with 10,944 CBC of 212,630 patients from the Surveillance, Epidemiology and
End Results (SEER) database diagnosed from 1990 to 2013©°. However, SEER does not
include details of endocrine treatment and chemotherapy, therapies administrated
to reduce recurrences and CBCs!™ %8, Furthermore, in this study the model was not
validated or evaluated based on prediction accuracy, nor was a tool provided. Another
study provided general guidelines for CPM by calculating the life-time risk of CBC based
on a published systematic review of age at first BC, BRCAT/2 gene mutation, family history
of BC, ER status, ductal carcinoma in situ, and oophorectomy®*¢7, However, the authors
specified that the calculation of the CBC life-time risk should be considered only as a
guide for helping clinicians to stratify patients into risk categories rather than a precise
tool for the objective assessment of the risk.

Only one other prediction model (CBCrisk) has been developed and validated using data
of 1,921 CBC cases and 5,763 matched controls!'®. External validation of CBCrisk of two
independent datasets using 5,185 and 6,035 patients with 111 and 117 CBC assessed
a discrimination between 0.61 and 0.65!'”.. The discrimination of our PredictCBC model
at 5 and 10 years was similar, however the geographic diversity of the studies gave a
more complete overview of external validity”l. Moreover, we showed the net benefit
of our model using decision curve analysis since standard performance metrics of
discrimination, calibration, sensitivity, and specificity alone are insufficient to assess the
clinical utilityt& >3,

Some limitations of our study must be recognized. First, reporting of CBC was not
entirely complete in all studies and information about CPM was limited in most datasets,
which may have underestimated the cumulative incidence, although the overall 10-year
cumulative incidence of 4.1% s in line with other datal®>34. Second, some women included
in the Dutch studies (providing specific information on family history, BRCA mutation or
CPM) were also present in our selection of the Netherlands Cancer Registry population.
Privacy and coding issues prevented linkage at the individual patient level, but based
on the hospitals from which the studies recruited, and the age and period criteria used,
we calculated a maximum potential overlap of 3.4%. Third, in the United States and
Australian datasets, the prediction performance was uncertain due to limited sample
size and missing values. Moreover, some important predictors such as family history
and especially BRCA mutation status were only available in a subset of the women (from
familial- and unselected hospital-based studies) and patients with data on BRCA mutation
status might have been insufficiently represented for tested populations and further
development and validation of PredictCBC-TA will be necessary. However, although
BRCA1/2 mutation information was unavailable in 94% of our data, the approach of the
imputation led to consistently good performing modelst®7%. The remaining factors were
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quite complete: ~79% of patients had at most one missing factor, which provided good
imputation diagnostic performances. Since most BC patients are not currently tested in
the clinical practice for BRCA7/2 mutations, we assessed the clinical utility of PredictCBC
version 1B to provide individualized CBC risk estimates for first BC patients not tested
for BRCA1/2 germline mutations % 711, Our PredictCBC version 1B model provides less
precise estimates, but may be useful in providing general CBC risk estimates, which
could steer women away from CPM or trigger BRCA testing.

Last but not least, adequate presentation of the risk estimates from the PredictCBC-1A
and PredictCBC-1B is crucial for effective communication about CBC risk during doctor-
patient consultations > 73, A nomogram is an important component to communicate
the risk of modern medical decision making, although it may be difficult to use and
might potentially make it more difficult to interpret the risks for laymen[74] An online
tool is being implemented, and a pilot-study will be conducted amongst patients and
clinicians to assess how the risk estimates from PredictCBC-1A and 1B can best be
visualized to facilitate communication with patients. Other factors, which were not
available in our study, predict breast cancer risk and their inclusion may further improve
the discrimination and clinical utility of our CBC risk model: these factors include CHEK?2
¢.1100del mutation carriers, polygenic risk scores based on common genetic variants,
breast density, reproductive and life-style factors such as BMI and age at menarchel”.
Additional data with complete information of BRCA7/2 mutation should be also
considered in the model upgrade to reduce uncertainty of CBC risk estimates. External
validation in other studies including patients of other ethnicities, will also be important.
In the meantime, our model provides a reliable basis for CBC risk counseling.

CONCLUSIONS

In conclusion we have developed and cross-validated risk prediction models for CBC
(PredictCBC) based on different European-descent population and hospital-based
studies. The model is reasonably calibrated and prediction accuracy is moderate. The
clinical utility assessment of PredictCBC showed potential for improved risk counseling,
although decision regarding CPM in the general breast cancer population remains
challenging. Similar results have been found for PredictCBC version 1B, a CBC risk
prediction model that calculates individualized CBC risk for first BC patients not tested
for BRCA1/2 germline mutation.
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CHAPTER 2

SUPPLEMENTARY MATERIALS

1. Data and patient selection

For this study we used data from five main sources available from national and international
collaborations including nationwide registry data, as well as studies with more detailed
information on relevant prediction factors[1-5]. Briefly, the five main sources were: (1) The
Breast Cancer Association Consortium (BCAC), which is an international consortium of 102
studies comprising 182,898 patients (data version: January 2017) with a primary breast
cancer (BC) diagnosed between 1939 and 2016M; (2) The Amsterdam Breast Cancer Study
(ABCS) containing 2,390 patients diagnosed with a first BC at the Netherlands Cancer
Institute — Antoni van Leeuwenhoek (NKI-AVL) hospital in Amsterdam from 2003 to
20133 (3) The Breast Cancer Outcome Study of Mutation carriers (BOSOM), which is a
Dutch consecutive series of 7,106 patients with invasive BC treated for their primary BC
in ten centers throughout the Netherlands between 1970 and 2003; in this study 94%
of patients were genotyped for BRCAT/2 germline mutations®; (4) The Erasmus Medical
Center (EMC) study containing patients diagnosed with BC between 1989 and 2013 who
were treated at the EMC in Rotterdam,; for this study, complete follow-up was obtained
for 3,483 patients that had been diagnosed between 2000 and 2009; (5) The Netherlands
Cancer Registry (NCR), which is an ongoing nationwide population-based data registry of
all newly diagnosed cancer patients in the Netherlands since 1989, We included patients
diagnosed between 2003 and 2010, a period for which sufficient follow-up and receptor
status information were provided® >l The eligibility criteria applied in each data source is
reported in Table S1. Data were harmonized by recoding each of the main datasets by the
responsible data managers according to a standardized data dictionary. We performed
checks for data consistency and validity centrally.

We extracted the following information: BRCAT1/2 germline mutation, family history
(first degree) of primary BC, and regarding primary BC diagnosis: age, nodal status,
size, grade, morphology, estrogen-receptor (ER) status, progesterone-receptor (PR),
human epidermal growth factor receptor 2 (HER2) status, administration of adjuvant
or neoadjuvant chemotherapy, adjuvant endocrine therapy, adjuvant trastuzumab
therapy, radiotherapy. We excluded PR status and TNM stage of the primary BC due to
collinearity with ER status and the size of the primary tumor, respectively. In the current
clinical practice, only patients with ER-positive tumors receive endocrine therapy and
only patients with HER2-positive tumors receive trastuzumab; these co-occurrences
were considered in the model by using composite categorical variables. A description
of the studies included in the analyses is provided in Table S2. Follow-up started three
months after invasive first primary BC diagnosis, in order to exclude synchronous CBCs,
and ended at date of CBC, distant metastasis (but not at loco-regional relapse), CPM, or
last date of follow-up (due to death, being lost to follow-up, or end of study), whichever

PREDICTION AND CLINICAL UTILITY OF ACBC RISK MODEL | 45



occurred first. We considered that after loco-regional relapse, a woman would be still
at risk for CBC as treatment for loco-regional relapse would not affect the contralateral
breast cancer (CBC) unless adjuvant systemic treatment was given. Distant metastasis
was considered as a competing risk because most of the patients receive systemic
therapies after developing distant metastasis.

Table S1. Data source flowchart.

Source of data

ABCS BCAC* BOSOM EMC NCR
Number of patients 2,390 182,898 7,105 3,483 94,600
Eligibility criteria, number of patients excluded
Studies from Asian countries - 7,348 - - -
Patients of non-European descent - 46,670 - - -
Year of PBC diagnosis before 1990 - 3,358 3,126 - -
Year of PBC diagnosis missing - 26,291 - - -
PBC stage 0 122 34 2 - -
PBC stage IV 94 1,675 104 - 4,569
Patients did not undergo surgery 24 1,138 43 5 5174
Number of eligible patients 2,150 96,384 3,830 3,478 84,857
No follow-up or follow-up less than 3 months 171 13,144 70 88 1,719
Familiar breast cancer studies - 4,635 - - -
Studies with less than 10 CBC events - 38,116 - - -
Number of patients included in the analysis 1,979 40,489 3,760 3,390 83,138
(number of patients with CBC) (19) (707) (288) (221)  (3,447)
Total number of patients included in the analysis (4,682 ofwh\'ghgér,;gi invasive and
(number of CBC) 708 in-situ)

Abbreviations: ABCS: Amsterdam Breast Cancer Study; BCAC: Breast Cancer Association Consortium. *BCAC is
composed of 102 studies world-wide. The 40,489 patients selected for the analysis came from 16 studies.; BOSOM:
Breast Cancer Outcome Study of Mutation carriers; EMC: Erasmus Medical Center; NCR: Netherlands Cancer
Registry; PBC: primary breast cancer; CBC: contralateral breast cancer

Table S2: see online material

Age at first primary BC seemed to have a non-linear relationship with CBC; using splines
we observed that CBC risk increased with age till around 50 years old and declined
afterwards; see Figure S1. Therefore, we used a linear spline with a knot at 50 years in
the prediction model. The use of this linear spline was a good compromise to address
the non-linear relationship between CBC risk and age across the different baseline risks
in all the studies, with different age distributions and selections (one study included
only women aged under 50 years). Moreover, the observed non-linear relationship
resembled the shape of age-related BC incidence curves with an increased risk until
menopausal age followed by a decrease (Clemmensen’s hook)®.
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Figure S1: Graphical assessment of non-linear relationship of age with contralateral breast cancer
risk.

A non-linear relationship between age at first primary breast cancer (x-axis) and the log relative
hazard of contralateral breast cancer (y-axis) is shown. Panel A shows a restricted cubic spline
with three knots. Panel B shows a linear spline with one knot located at 50 years. The curve gray
area indicates the corresponding 95% confidence intervals. Both curves were estimated from a
multivariable subdistributional hazard model adjusted for the variables used for the risk prediction
considering death for any causes and distant metastasis as a competing risk.

2. Multiple imputation of missing values

The percentage of missing values across the predictors varied between 5.1% and 94.2%
for morphology of first primary BC and BRCA mutation, respectively. In the individual
patient data (IPD), both sporadic and systematic missing may occur. The former are
missing values within a study, the latter are values missing for all individuals within a
particular study-.

Forouranalyses, we used tenimputed datasets based on the multiple imputation chained
equations (MICE) using 50 iterations. The visit sequence of the variables was in ascending
order of the number of missing values. This technique improves the accuracy and the
statistical power assuming missing is at random (MAR). In the imputation procedure, we
also used the year of first primary BC diagnosis since this information provides a better
correlation structure among covariates used as predictors in the imputation model.
Since there were systematic missing data, we used the imputation model based on the
stratified multiple imputation strategy (SMI). In this approach, the variable identifying
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the study was used as covariate to improve substantially the imputation especially for
the systematic missing predictors that might occur in the individual patient data (IPD)
from multiple studies®. Continuous, binary and multiple categorical variables were
imputed using predictive mean matching, binary and polytomous logistic regression,
respectively. Time-to-event outcome defined as time to contralateral breast, time to
death, and time to distant metastasis were included in the imputation process through
the Nelson-Aalen cumulative hazard estimatorl'®. For every variable with missing data,
every imputation model selects predictors based on correlation structure underlying
the data. We recoded the variables chemotherapy and morphology after imputation. In
particular, information about neoadjuvant and adjuvant chemotherapy were separately
imputed. Then, we created a chemotherapy variable by combining the variables for
neoadjuvant and adjuvant chemotherapy in every imputed dataset. Morphology of
primary tumor was imputed by keeping all original categories ('‘Lobular’, ‘Ductal’, ‘Mixed'
and 'Other’). After multiple imputation, we created two categories ‘Lobular including
mixed" and ‘Ductal including other’ to address possible overfitting due to the small
samples of ‘Mixed’ and ‘Other’ categories. Since in current clinical practice, only estrogen
receptor (ER) positive patients receive endocrine therapy and only human epidermal
growth factor receptor 2 (HER2) positive patients receive trastuzumab, composite
categorical factors of ER and endocrine therapy and of HER2 and trastuzumab therapy
were considered in the model building. However, in our data, 2% of patients with 70 CBC
events were coded as ER-negative treated with endocrine therapy and 0.2% of patients
with 7 CBC events were coded as HER2-negative treated with trastuzumab therapy. In
every imputed dataset, we recoded those patients as ER-positive treated with endocrine
treatment and HER2-positive treated with trastuzumab since the largest proportion of
patients (53%) were ER-positive treated with endocrine therapy and 82% were HER2-
positive treated with trastuzumab in the complete data.

We used the R package mice (version 2.46.0) to impute our data and combine the
estimates using Rubin’s rules.

3. Complete case analysis

When a missing data pattern is completely at random (MCAR), imputation of missing
data is not necessary. Therefore, descriptive analyses were performed to check
whether the missing data pattern was MCAR. For completeness, the patients and first
primary breast cancer characteristics and results of the multivariable subdistributional
hazard model based on the case set with complete data are shown in Table S3 and
Table S4, respectively. The prediction performance of the risk prediction model was
not investigated since in the case set with complete data all cases came from one
geographic area (Western Europe) and the number of CBC event did not reach the
number of events required for an external validation.
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Table S3: Patients and first primary breast cancer characteristics used in the contralateral breast
cancer risk prediction model in the complete case and all case analyses.

. N %
Factors at primary breast cancer 132,756 100.0
Age, years
Median (range) 57 (18-101)
Missing -
Family history
Yes 5,959 19.5
No 24,582 80.5
Missing 102,215
BRCA mutation
BRCAT 333 43
BRCA2 167 2.2
Non carrier 7,204 93.5
Missing 125,052
Nodal status
Positive 48,979 39.1
Negative 76,356 60.9
Missing 7,421 -
Tumor size, cm
<2 75,849 60.8
(2-5] 43,075 345
>5 5916 4.7
Missing 7916
Tumor grade
well differentiated 25271 21.7
moderately differentiated 53,385 457
poorly/undifferentiated 38,045 326
Missing 16,055 -
ER status
Positive 97,460 80.5
Negative 23,625 19.5
Missing 11,671 -
HER2 status
Positive 15,401 17.4
Negative 72,891 82.6
Missing 44,464 -
Morphology
Ductal 96,561 76.6
Lobular 14,681 1.7
Mixed 4,982 4.0
Other 9,780 7.8
Missing 6,752
Adjuvant chemotherapy
Yes 46,868 38.2
No 75,785 61.8
Missing 10,103 -
Neoadjuvant chemotherapy
Yes 7213 6.0
No 112,267 94.0
Missing 13,276
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Table S3: Continued

" N %
Factors at primary breast cancer 132,756 100.0
Endocrine adjuvant therapy
Yes 65,959 54.1
No 56,055 45.9
Missing 10,742 -
Trastuzumab adjuvant therapy
Yes 6,875 6.7
No 9,6324 933
Missing 29,557
Radiation in the breast
Yes 85,029 69.5
No 37,237 305
Missing 10,490
CBC cumulative incidence, %
5-year (95%Cl) 21(21-22)
10-year (95%Cl) 4.1(4.0-43)

Abbreviations:
PBC: primary breast cancer; ER: estrogen-receptor; HER2: human epidermal growth factor receptor 2; CBC:
contralateral breast cancer; Cl: confidence interval.

Table S4: Results of multivariable subdistributional hazard model using the complete case dataset.

Multivariable analysis

Factor (categories) at primary breast cancer

sHR 95% ClI
Age, years 1.48° 0.73 -3.00°
Family history (yes versus no) 1.36 0.69 - 2.70
BRCA mutation
BRCAT versus non-carrier 5.28 2.13-13.10
BRCAZ2 versus non-carrier 2.30 0.50 - 10.51
Nodal status (positive versus negative) 1.37 0.56-3.34
Tumor size, cm
(2,5] versus < 2 0.57 0.22-1.47
>5versus <2 3.53 1.10-11.34
Morphology (lobular including mixed versus ductal including other) 0.99 033-2.88
Grade
Moderately differentiated versus well differentiated 0.91 0.28-2.88
Poorly differentiated versus well differentiated 0.84 0.23-3.04
Chemotherapy (yes versus no) 0.38 0.16-0.89
Radiotherapy to the breast (yes versus no) 1.26 0.56-2.83
ER (positive or negative) / endocrine therapy (yes or no)
negative/no versus positive/yes 1.42 0.53-3.77
positive/no versus positive/yes 2.38 0.90-6.31
HER2 (positive or negative) / trastuzumab therapy (yes or no)
negative/no versus positive/yes 0.71 0.22-2.36
positive/no versus positive/yes 0.32 0.07-1.46

Abbreviations:

sHR: subdistributional hazard ratio; Cl: confidence interval; ER: estrogen receptor; HER2: human epidermal growth
factor receptor 2;

2 Age was parameterized as a linear spline at 50. For presentation purposes, we here provide the sHR for the 75
versus the 25 percentile.
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4. Model diagnostics and baseline recalibration

For the multivariable model, we checked the assumption of proportional subdistribution
hazards graphically using Schoenfield residuals. Heterogeneity of baseline risks between
studies was taken into account using the study as a stratification term. We estimated the
cumulative incidence at 5- and 10- year using the baseline hazard of the Netherlands
Cancer Registry (NCR) dataset to improve the model calibration, since this is our largest
cohort (67% of the data) and is based on complete incidence data thus provides a
representative cumulative incidence of CBC (4.6% at 10 years). The stratified model
and the application of the Rubin’s rules took into account both the between study and
between imputation variation.

5. Leave-one-study-out cross-validation

We used leave-one-study-out cross-validation (also known as an internal-external
validation), in which a model for predicting CBC risk is developed in all studies except
one whose external validity is evaluated (every study is excluded once in this process).
For the studies where the number of CBC events was insufficient for external validation,
we used the geographic area as a unit of splitting. For time-to-event outcomes at
least 100 events per study are required for external validation!'™. The geographic area
corresponding to every study is shown in Table S5.

Table S5: List of BCAC studies (including ABCS source) with the corresponding country and
geographic area. For studies in which the number of contralateral breast cancer events was
insufficient for external validation, the geographic area was used.

Study Country Geographic area or study
ABCS Netherlands Europe - Other

ABCFS Australia United States and Australia
BBCC Germany Europe - Other

CGPS Denmark Europe - Scandinavia
HEBCS Finland Europe - Scandinavia
KARBAC Sweden Europe - Scandinavia
KARMA Sweden Europe - Scandinavia
LMBC Belgium Europe - Other

MARIE Germany Europe - Other

MEC United States United States and Australia
ORIGO Netherlands Europe - Other

PBCS Poland Europe - Other

PKARMA Sweden Europe - Scandinavia
POSH United Kingdom Europe - United Kingdom
SEARCH United Kingdom Europe - United Kingdom
SKKDKFZS Germany Europe - Other

SZBCS Poland Europe - Other

Table S6: see online material

PREDICTION AND CLINICAL UTILITY OF A CBC RISK MODEL | 51



We evaluated the discrimination accuracy using the time-dependent area under the
curve (AUC) at 5- and 10-year. The Inverse Probability of Censoring Weighting (IPCW)
was computed to estimate of cumulative/dynamic time-dependent AUCs[12]. Since
the mortality and distant metastasis were competing risks, a control was defined as a
subject not experiencing a CBC at 5-and 10-year, respectively. The AUC estimate and the
corresponding confidence intervals were computed by bootstrapping 100 times every
imputed dataset in each validation study. The AUCs and the corresponding confidence
intervals were pooled using Rubin’s rules.

We did not consider delayed-entry patients (with prevalent BC) to evaluate the
discrimination accuracy of the prediction models since no standard performance
measures are currently available in the statistical literature to account for left-truncated
follow-up time. In our study the median of delayed entry was 0.6 years.

We assessed the calibration of the models using calibration-in-the-large, calibration slope,
and calibration plots per study!?. Calibration plots report the predicted probabilities on
the x-axis and the observed probabilities on the y-axis. For time-to-event data, this plot
can be generated at multiple time points. To reproduce the nomogram building, we
used the predicted and observed cumulative incidence of 5- and 10-year as time points
for the calibration plots. The observed and predicted outcomes are divided by quartiles
of predicted values. In case of good overall calibration, all points in a calibration plot are
near the 45-degree line starting at the origin (0,0). If points are below the 45-degree line,
models overestimate the observed risk (overfitting). If points are above the 45-degree
line, the model underestimates the observed risk (underfitting). In each validation study,
calibration slopes and predicted probabilities at 5 and 10 years were calculated in every
imputed dataset. Then, for each validation study, calibration slopes and the predicted
probabilities were pooled using Rubin’s rules. Calibration plots at 5- and 10-year are
shown in Figures S2 and S3, respectively.

6. Clinical utility
The decision curve analysis combines the direct applicability of the decision-analytic
methods with the mathematical simplicity of accuracy metrics'™. The mathematical
background of the net benefit calculation was originally developed by Peirce in 18843,
More recently, other publications expanded this work and proposed and gave emphasis
why the net benefit measures should be used beyond measures of discrimination and
calibration to assess the accuracy of prediction modelst®,
The net benefit (NB) is calculated as:

_ TP FP( Dt )

NB = —— —
n n \1-—p;
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Figure S2: Visual assessment of calibration through calibration plots in the internal-external cross-
validation at 5 years for the contralateral breast cancer risk model with BRCA mutation information.
The x-axis represents the predicted cumulative incidence of contralateral breast cancer at 5 years
and the y-axis the observed cumulative incidence at 5 years. The black dots indicate the calibration
for quartiles of predicted values. Vertical black bars indicate the 95% confidence intervals. The
dashed gray line indicates perfect overall calibration. Each panel indicates a validation in one of the
datasets. Panel A: Netherlands - BOSOM; Panel B: Netherlands - EMC; Panel C: Netherlands - NCR;
Panel D: Europe - Scandinavia; Panel E: United States and Australia; Panel F: Europe - Other; Panel
G: Europe - United Kingdom.

Where n is the total sample size TP = true positive counts; FP = false positive counts; p,
= risk threshold that defines the high risk and low risk patients. The ratio {%- represents
the relative weight of the harm of unnecessary contralateral preventive mastectomies
(CPM) versus the benefit of CBC patients who truly need the surgery. To draw the
decision curve, the net benefit is calculated for different values of p,.

The risk thresholds and the calculation of the true positives and false negatives in case
of censored data with competing risks are defined as:
TP={I®|X=1}-PX=1)'n
FP={1-I®)|X=1}-PX=1)'n
Where:

n = total number of BC patients;
I(t) = cumulative incidence of CBC predicted by the prediction model at time ¢;

¥ = {1 predicted cumulative incidence at timet > p;
" |0 predicted cumulative incidenceat timet < p;
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Figure S3: Visual assessment of calibration through calibration plots in the internal-external cross-
validation at 10 years for the contralateral breast cancer risk model with BRCA mutation information.
The x-axis represents the predicted cumulative incidence of contralateral breast cancer at 10 years
and the y-axis the observed cumulative incidence at 10 years. The black dots indicate the calibration
for quartiles of predicted values. Vertical black bars indicate the 95% confidence intervals. The
dashed gray line indicates perfect overall calibration. Each panel indicates a validation in one of the
datasets. Panel A: Netherlands - BOSOM; Panel B: Netherlands - EMC; Panel C: Netherlands - NCR;
Panel D: Europe - Scandinavia; Panel E: United States and Australia; Panel F: Europe - Other; Panel
G: Europe - United Kingdom.

More mathematical details have been provided by Vickers in 2008 and Kerr in 20167181,
The landmark time t was set to 5 and 10 years since the prediction model provided the
estimated cumulative incidence at 5 and 10 years.

Although discrimination measures such as sensitivity, specificity, Area Under the Curve
(AUC), and c-statistic and calibration measures cannot be used to assess the clinical
utility of a prediction model, net benefit is larger for more discriminating models and
decrease with poor calibration[19]. Referring to our model, the reduction in the number
of unnecessary CPM per 1,000 patients without a decrease in the number of patients
who correctly received the surgery is calculated as:

(net benefit of the model - net benefit of treat all)/(pt /(1 — pt)) X 1,000
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For example, at a risk threshold of 10% the difference between the net benefit of the
prediction model and the net benefit of treat all was 0.0179, the number of avoidable
unnecessary CPM would be [0.0179/(0.10/0.90)] = 0.1611 x 1000 = 161.1 per 1,000
patients.

Results of the decision curve analysis that were not reported in Table 2, are reported in
Table S7. The utilization of 5-year CBC risk prediction in terms of net benefit showed that
for some risk thresholds (between 1.5-4.5%), the prediction model might be clinically
useful to avoid unnecessary CPM among BRCAT patients and to counsel necessary CPM
among non-carriers. As an example, if a clinician finds it acceptable to perform around
21 unnecessary CPM to prevent one CBC (one necessary CPM), a risk threshold of 4.5%
may be used to define high and low risk BRCA1/2 patients based on the absolute 5-year
CBC risk prediction estimated by the model. In this scenario, approximately 163 CPMs
per 1,000 patients may be avoided using the model compared to counseling CPM to
all BRCA1/2 carriers. Similarly, if unnecessarily performing a CPM in 39 patients would
be acceptable to prevent one CBC, a risk threshold of 2.5% may be used to define high
and low risk non-carriers; and this would include around necessary 491 CPMs per 1,000
patients. The decision curves in Figures S4 provide a comprehensive overview of the
net benefit for a range of harm-benefit thresholds at 5-year CBC risk.

Table S7: Clinical utility of the 5-year contralateral breast cancer risk prediction model. At the
same probability threshold, the net benefit is exemplified in BRCA1/2 mutation carriers (for avoiding
unnecessary CPM) and non-carriers (performing necessary CPM).

BRCA1/2 mutation carriers Non-carriers
Probability Unnecessary Net benefit b Netf. Performed
threshold  CPMs needed to . tve”rsusf . Avoided unnecessary enefit necessary
o Ve CEC reat all patients . Versus
p, (%) p with CPM CPMs per 1000 patients " = CPMZESLQSOOO
(per 1000) (per 1000) P

1.5 65.7 0.0 0.0 33 216.7

2.5 39.0 0.1 39 12.6 491.4

35 27.6 2.3 63.4 0.1 2.8

45 21.2 7.7 163.4 0.0 0.0

CPM: contralateral preventive mastectomy; CBC: contralateral breast cancer;
“The number of unnecessary contralateral mastectomies needed to prevent a CBCis calculated by:

(1-p)/p,
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Figure S4: Decision curve analysis at 5 years for the contralateral breast cancer risk model including
BRCA1/2 mutation information.

Panel A shows the decision curve to determine the net benefit of the estimated 5-year predicted
contralateral breast cancer (CBC) cumulative incidence for patients without a BRCA1/2 gene
mutation using the prediction model (dotted black line) compared to not treating any patients
with contralateral preventive mastectomy (CPM) (black solid line). Panel B shows the decision
curve to determine the net benefit of the estimated 5-year predicted CBC cumulative incidence
for BRCAT/2 mutation carriers using the prediction model (dotted black line) versus treating (or at
least counseling) all patients (grey solid line). The y-axis measures net benefit, which is calculated by
summing the benefits (true positives, i.e., patients with a CBC who needed a CPM) and subtracting
the harms (false positives, i.e., patients with CPM who do not need it). The latter are weighted by a
factor related to the relative harm of a non-prevented CBC versus an unnecessary CPM. The factor
is derived from the threshold probability to develop a CBC at 5 years at which a patient would opt
for CPM (e.g. 4.5%). The x-axis represents the threshold probability. Using a threshold probability
of 4.5% implicitly means that CPM in 22 patients of whom one would develop a CBC if untreated is
acceptable (21 unnecessary CPMs, harm to benefit ratio 1:21).
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7. Formula to estimate the contralateral breast cancer risk
Our developed model is a subdistributional proportional hazard Fine and Gray model.
The estimated cumulative incidence of CBC was estimated using the following formula:

F(t) =1 —{[So(t)]xP P}

Where ¢ is the time (in years) since primary BC, F (t) is the cumulative incidence of
CBC and Sy(t) is the probability to survive beyond for baseline covariate values. The
baseline survival estimates according to the model and time are:

So(5) = 0.984

50(10) = 0.968

And

Linear Predictor (LP) =

- 0.223 + 0.007x Age - 0.023 x Age' + 0.303 x I[Family history = Yes] + 1.304 x I[[BRCA
= BRCAT] + 0.941 x I[BRCA = BRCA2] - 0.142 x I[Nodal status = positive] - 0.047 x |[Size
of PBC = (2,5] cm] + 0.128 x I[Size of PBC = greater than 5 ¢m] + 0.209 x I[[Morphology
of PBC = lobular including mixed] - 0.120x I[Grade of PBC = moderately differentiated]
- 0.291 x I[Grade of PBC = poorly/undifferentiated]- 0.266 x [[Chemotherapy = yes] +
0.009 x I[Radiotherapy to the breast = yes] + 0.356 x I[ER-negative without endocrine
therapy ] + 0.559 X I[ER-positive without endocrine therapy ]+ 0.082 x I[[HER2-negative
without trastuzumab] - 0.005 x I[HER2-positive without trastuzumab]

Where Age’ = max(Age - 50, 0)

8. Results of the prediction model without BRCA mutation

Because a patient may not have been tested for the BRCA gene mutations, this
information may not be available before or on the day of first primary BC diagnosis or
treatment decisions. Moreover, information about BRCA mutations was largely missing in
the databases we used. Thus, we also developed and validated a CBC prediction model
without BRCA mutations to also provide an individualized risk prediction tool for patients
not tested. Results of the risk prediction model in terms of relative subdistributional
hazard ratio (sHRSs) and the corresponding 95% confidence intervals (Cl) for patients
not tested for BRCA gene mutations are provided in Table S8.

The assessments of prediction performance are shown in Figures S5, S6, and S7. The
discrimination accuracy at 5 years was 0.59 (95% Cl: 0.54 - 0.63; 95% prediction interval
(PD): 0.46 - 0.71) and at 10 years was 0.59 (95% CI: 0.56 - 0.62; 95% PI: 0.52 - 0.66), as
shown in Figure S5. The calibration-in-the-large was -0.17 (95% Cl: -0.72 - 0.38; 95% P!
-1.70-1.36), as shown in the Figure S5 panel C; and calibration slope was 0.81 (95% CI:
0.63 - 0.99; 95% PI: 0.50 - 1.12) in the leave-one-study-out cross-validation, as shown
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in Figure S5 panel D. The calibration plots at 5- and 10-year are reported in Figures S6
and S7, respectively.

Table S8: Results of multivariable subdistributional hazard model for breast cancer patients
without BRCA mutations.

Multivariable analysis

Factor (category) at primary breast cancer

sHR 95% CI
Age, years 0.61° 0.56-0.66°
Family history (yes versus no) 1.60 1.50-1.71
Nodal status(positive versus negative) 0.87 0.80-0.93
Tumor size, cm
(2,5] versus < 2 0.96 0.89-1.03
>5versus < 2 1.1 0.97-1.28
Morphology (lobular including mixed versus ductal including other) 1.20 1.10-1.30
Grade
Moderately differentiated versus well differentiated 0.97 0.90-1.04
Poorly differentiated versus well differentiated 0.87 0.79 - 0.96
Chemotherapy (yes versus no) 0.78 0.71-0.85
Radiation of the breast (yes versus no) 0.97 0.90-1.03
ER (positive or negative) / endocrine therapy (yes or no)
negative/no versus positive/yes 1.67 1.54-1.84
positive/no versus positive/yes 1.81 1.67-1.96
HER2 (positive or negative) / trastuzumab therapy (yes or no)
negative/no versus positive/yes 1.26 1.08-1.48
positive/no versus positive/yes 1.08 0.91-1.30

Abbreviations:

sHR: subdistributional hazard ratio; Cl: confidence interval; ER: estrogen receptor; HER2: human epidermal growth
factor receptor 2;

2 Age was parameterized as a linear spline at 50. For representation purposes, we here provide the sHR for the
75th versus the 25th percentile.

Table S9. Clinical utility of the 5-year contralateral breast cancer risk prediction model in non-
BRCA tested patients. At the same probability threshold, the net benefit is exemplified in patients
with family history (for avoiding unnecessary CPM) and patients without family history (performing
necessary CPM).

Family history No family history
b Net benefit
Probabilit; Unnecessary CPMs i
thresholdy neeed i@ p?/event g t\g;iuasll Avoided unnecessary Ne\fetrxggsﬂt Performed
P, (%) CBC patients with CPMs per 1000 treat none ~ ecessary CPMs
CPM patients (per 1000) per 1000 patients
(per 1000)
2.0 49.0 0.4 19.6 2.1 102.9
2.5 39.0 29 1131 1.2 46.8
3.0 32.3 0.0 0.0 0.2 6.5

CPM: contralateral preventive mastectomy; CBC: contralateral breast cancer;
“The number of unnecessary contralateral preventive mastectomies needed to prevent a CBC is calculated by:
(-p)/p,
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Figure S5: Results of the leave-one-study-out cross-validation for the contralateral breast cancer
risk model at 5 and 10 years without BRCA mutation information.

Panel A and B show the discrimination accuracy assessed by a time-dependent AUC at 5 and 10
years, respectively. Panel C shows the calibration accuracy measured with calibration in-the-large.
Panel D shows the calibration accuracy measured with calibration slope. The black squares indicate
the estimated accuracy of the model in a single new validation study or geographic area. The black
horizontal lines interval indicate the corresponding 95% confidence intervals of the estimated
accuracy (interval whiskers). The black diamonds indicate the mean with the corresponding
95% confidence interval of the predictive accuracy and the dashed horizontal lines indicate the
corresponding 95% prediction intervals.
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Figure S6: Visual assessment of calibration through calibration plots in the internal-external cross-
validation at 5 years for the contralateral breast cancer risk model without BRCA gene mutation
information.

The x-axis represents the predicted cumulative incidence of contralateral breast cancer at 5 years
and the y-axis the observed cumulative incidence at 5 years. The black dots indicate the calibration
for quartiles of predicted values. Vertical black bars indicate the 95% confidence intervals. The
dashed gray line indicates perfect overall calibration. Each panel indicates a validation in one of the
datasets. Panel A: Netherlands - BOSOM; Panel B: Netherlands - EMC; Panel C: Netherlands - NCR;
Panel D: Europe - Scandinavia; Panel E: United States and Australia; Panel F: Europe - Other; Panel
G: Europe - United Kingdom.
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Figure S7: Visual assessment of calibration through calibration plots in the internal-external cross-
validation at 10 years for the contralateral breast cancer risk model without BRCA gene mutation
information.

The x-axis represents the predicted cumulative incidence of contralateral breast cancer at 10 years
and the y-axis the observed cumulative incidence at 10 years. The black dots indicate the calibration
for quartiles of predicted values. Vertical black bars indicate the 95% confidence intervals. The
dashed gray line indicates perfect overall calibration. Each panel indicates a validation in one of the
datasets. Panel A: Netherlands - BOSOM; Panel B: Netherlands - EMC; Panel C: Netherlands - NCR;
Panel D: Europe - Scandinavia; Panel E: United States and Australia; Panel F: Europe - Other; Panel
G: Europe - United Kingdom.
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Figure S8: Density distribution of 10-year predicted absolute risk in patients with no family history
(area with black lines) and patients with a family history (area with dashed lines).

The utilization of 10-year CBC risk prediction in terms of net benefit showed that for
some risk thresholds (between 3.5-5.5%), the prediction model might be clinically
useful to avoid unnecessary CPM among patients with family history and to counsel
necessary CPM among patients without first-degree relatives with BC. For example, if a
clinician finds it acceptable to perform around 21 unnecessary CPM to prevent one CBC,
a risk threshold of 4.5% may be used to define high and low risk patients with family
history based on the absolute 10-year CBC risk prediction estimated by the model. In
this scenario, 55 CPM per 1,000 patients may be avoided using the model compared
to counseling CPM to all patients with family history; see Table S10 and Figure S8. The
density distribution of the estimated 10-year CBC risk prediction was shown for patients
with and without family history. The overlap between the two distributions reflects that a
prediction model is useful to define high and low risk patients to counsel necessary CPM
and avoid unnecessary surgeries in a setting where BRCAT/2 mutations are not tested.
The decision curves in Figures S9 and S10 provide a comprehensive overview of the net
benefit for a range of harm-benefit thresholds.
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Figure S9: Decision curve analysis at 5 years for the contralateral breast cancer risk model without
BRCA mutation information.

Panel A shows the decision curve to determine the net benefit of the estimated 5-year predicted
contralateral breast cancer (CBC) cumulative incidence for patients without first-degree family
history using the prediction model (dotted black line) compared to not treating any patients with
contralateral preventive mastectomy (CPM) (black solid line). Panel B shows the decision curve to
determine the net benefit of the estimated 5-year predicted CBC cumulative incidence for patients
with first-degree family history of breast cancer using the prediction model (dotted black line)
versus treating (or at least counseling) all patients (grey solid line). The y-axis measures net benefit,
which is calculated by summing the benefits (true positives, i.e., patients with a CBC who needed
a CPM) and subtracting the harms (false positives, i.e., patients with CPM who do not need it).
The latter are weighted by a factor related to the relative harm of a non-prevented CBC versus an
unnecessary CPM. The factor is derived from the threshold probability to develop a CBC at 5 years
at which a patient would opt for CPM (e.g. 2.5%). The x-axis represents the threshold probability.
Using a threshold probability of 2.5% implicitly means that CPM in 40 patients of whom one would
develop a CBC if untreated is acceptable (39 unnecessary CPMs, harm to benefit ratio 1:39).
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Figure S10: Decision curve analysis at 10 years for the contralateral breast cancer risk model
without BRCA mutation information.

Panel A shows the decision curve to determine the net benefit of the estimated 10-year predicted
contralateral breast cancer (CBC) cumulative incidence for patients without first-degree family
history using the prediction model (dotted black line) compared to not treating any patients with
contralateral preventive mastectomy (CPM) (black solid line). Panel B shows the decision curve to
determine the net benefit of the estimated 10-year predicted CBC cumulative incidence for patients
with first-degree family history using the prediction model (dotted black line) versus treating (or at
least counseling) all patients (grey solid line). The y-axis measures net benefit, which is calculated by
summing the benefits (true positives, i.e., patients with a CBC who needed a CPM) and subtracting
the harms (false positives, i.e., patients with CPM who do not need it). The latter are weighted by a
factor related to the relative harm of a non-prevented CBC versus an unnecessary CPM. The factor
is derived from the threshold probability to develop a CBC at 10 years at which a patient would opt
for CPM (e.g. 4.5%). The x-axis represents the threshold probability. Using a threshold probability
of 4.5% implicitly means that CPM in 22 patients of whom one would develop a CBC if untreated is
acceptable (21 unnecessary CPMs, harm to benefit ratio 1:21).
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Table S10. Clinical utility of the 10-year contralateral breast cancer risk prediction model in non-
BRCA tested patients. At the same probability threshold, the net benefit is exemplified in patients
with family history (for avoiding unnecessary CPM) and patients without family history (performing
necessary CPM).

Family history No family history
N Net benefit
i;?gss Q:E’y niggzzetssap?esgmz t\;igstuasll Avoided unnecessary Ne\;(ekijseﬂt Performed
P, (%) CBC patients with CPMs per 1000 treatnone  Necessary CPMs
CPM patients (per 1000) per 1000 patients
(per 1000)
35 27.6 0.3 83 5.0 137.9
4.5 21.2 2.6 55.2 3.0 63.7
55 17.2 8.2 140.9 1.1 189

CPM: contralateral mastectomy; CBC: contralateral breast cancer;
“The number of unnecessary contralateral preventive mastectomies needed to prevent a CBC is calculated by:
(1-p/p,

9. Formula to estimate the contralateral breast cancer risk in patients not tested
for BRCA

The formula for the alternative model is reported below. Baseline survival estimates
according to the model and time are:

So(5) = 0.982
S,(10) = 0.965

And

Linear Predictor (LP) =

+0.108 - 0.002 x Age - 0.018 x Age' + 0.473 x I[Family history = Yes] - 0.143 x I[Nodal
status = positive] - 0.041 x |[Size of PBC = (2,5] cm] + 0.108 x I[Size of PBC = greater than
5cm] +0.181 x [[Morphology of PBC = lobular including mixed] - 0.032 x I[Grade of PBC
= moderately differentiated] - 0.135 x [[Grade of PBC = poorly/undifferentiated]- 0.248
x |[Chemotherapy = yes] - 0.034 x |[Radiotherapy to the breast = yes] + 0.522 x I[ER-
negative without endocrine therapy] + 0.592 x I[ER-positive without endocrine] + 0.232
x [[HER2-negative without trastuzumab] + 0.082 x I[HER2-positive without trastuzumab]

Where Age’' = max(Age - 50, 0)

10. Assessment of limited information of contralateral preventive mastectomy
(CPM)

Information about CPM was not available in most studies. This lack of information may
underestimate the cumulative CBC incidence because patients underwent CPM should
not be considered to be at risk to develop CBC, though a small proportion of 1.3% of CBC
was observed after CPM among BRCAT or BRCA2-related breast cancer patients[20]. We
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investigated the impact of CPM on CBC cumulative incidence estimation in the BOSOM
and EMC datasets, in which this information was complete and CPM was not within
3 months after first BC diagnosis, i.e. for 3,760 out of 3,793 and 3,390 out of 3,398,
respectively. In these two studies, we compared the estimated cumulative incidence
curves in which we applied censoring for CPM or considering in the risk set patients
experiencing CPM at first primary BC or during the follow-up.

Figure S11 shows the cumulative incidence estimation of the two scenarios. As expected,
the cumulative incidence was underestimated when we ignored the occurrence of CPM.
However, there was only a small difference between the two curves: the estimated
cumulative incidence at 10 years was 5.6% (95% Cl: 4.9 - 6.4%) considering CPM, and
5.3% (4.6 - 6.0%) not considering CPM in the BOSOM dataset; and 5.7% (5.0 - 6.6%)
considering CPM, and 5.6% (4.8 - 6.4%) not considering CPM in the EMC dataset.
Therefore, although the CPM was not available for most studies, we concluded that
the cumulative incidence of CBC was only slightly underestimated due to missing CPM
information.
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Figure S11: Assessment of inclusion of information of contralateral preventive mastectomy (CPM).
Panel A shows the contralateral breast cancer cumulative incidence curve in the BOSOM dataset.
Panel B shows the contralateral breast cancer cumulative incidence curve in the EMC dataset.
The bolded black lines indicate the estimated cumulative incidence curve censoring patients with
CPM at first primary breast cancer or during the follow-up. The dotted lines indicate the estimated
cumulative incidence curve considering patients with CPM still at risk during the follow-up.
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ABSTRACT

Background

Three tools are currently available to predict the risk of contralateral breast cancer
(CBC). We aimed to compare the performance of the Manchester formula, CBCrisk, and
PredictCBC in patients with invasive breast cancer (BQ).

Methods

We analyzed data of 132,756 patients (4,682 CBC) from 20 international studies with
a median follow-up of 8.8 years. Prediction performance included discrimination,
quantified as a time-dependent Area-Under-the-Curve (AUC) at 5 and 10 years after
diagnosis of primary BC, and calibration, quantified as the expected-observed (E/O)
ratio at 5 and 10 years and the calibration slope.

Results

The AUC at 10 years was: 0.58 (95% confidence intervals [Cl]: 0.57-0.59) for CBCrisk;
0.60 (95%Cl: 0.59-0.61) for the Manchester formula; 0.63 (95%Cl: 0.59-0.66) and 0.59
(95%Cl: 0.56-0.62) for PredictCBC-1A (for settings where BRCAT/2 mutation status is
available) and PredictCBC-1B (for the general population), respectively. The E/O at 10
years: 0.82 (95%Cl: 0.51-1.32) for CBCrisk; 1.53 (95%Cl: 0.63-3.73) for the Manchester
formula; 1.28 (95%Cl: 0.63-2.58) for PredictCBC-1A and 1.35 (95%Cl: 0.65-2.77) for
PredictCBC-1B. The calibration slope was 1.26 (95%Cl: 1.01-1.50) for CBCrisk; 0.90
(95%Cl: 0.79-1.02) for PredictCBC-1A; 0.81 (95%Cl: 0.63-0.99) for PredictCBC-1B, and
0.39 (95%Cl: 0.34-0.43) for the Manchester formula.

Conclusions

Current CBC risk prediction tools provide only moderate discrimination and the
Manchester formula was poorly calibrated. Better predictors and re-calibration are
needed to improve CBC prediction and to identify low and high CBC risk patients for
clinical decision making.

Keywords
Contralateral breast cancer, risk prediction, validation, clinical decision making
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INTRODUCTION

A rising number of women with breast cancer (BC) are at risk to develop a new primary
tumor in the contralateral breast (CBC) with consequently another cancer treatment and
potentially less favorable prognosist™. Although CBC incidence is low (~0.4% per year)
in the general BC population, contralateral preventive mastectomy (CPM) is increasing,
also among women with low CBC riski=,

Three tools are tools currently available to predict the risk of CBC, although probably
none are widely used: 1) the Manchester formula; 2) CBCrisk, and 3) PredictCBC®®l,
The Manchester group in the United Kingdom (UK) proposed a set of guidelines for
counseling women about CPM[8]. Based on a systematic review of the literature, they
devised a formula to estimate lifetime CBC risk based on age at first primary BC, family
history of BC, estrogen-receptor (ER) status, diagnosis of ductal carcinoma in situ (DCIS),
and oophorectomy.

The second tool, CBCrisk, was developed using data on 1,921 CBC cases and 5,763
matched controls with primary BCY. The model uses data on age at first BC diagnosis,
age at first birth, first degree family history of BC, high-risk pre-neoplasia, breast density
(obtained using the BI-RADS system), ER status, first BC type (pure invasive, pure DCIS,
a mix of the two, unknown), and adjuvant endocrine therapy. External validation was
performed using two independent studies in the United States (US) of 5,185 and
6,035 patients with 111 and 117 CBC events’?. A web-based application provides
individualized prediction of CBC risk'o.

Third, PredictCBC was developed, cross-validated and evaluated using data from 132,756
patients with first BC and 4,672 CBC events, as part of an international collaboration®.
PredictCBC predicts CBC risk as a function of family history (first degree) of primary BC, and
information of primary BC diagnosis: age, nodal status, size, grade, morphology, ER status,
human epidermal growth factor receptor 2 (HER2) status, administration of adjuvant or
neoadjuvant chemotherapy, adjuvant endocrine therapy, adjuvant trastuzumab therapy,
and radiotherapy. Two versions were developed: PredictCBC version TAincludes presence
or absence of a mutation in the BRCAT or BRCA2 genes, an important determinant of
CBCB"12, while PredictCBC version 1B was developed for untested patients.

External validation in different studies is relevant to assess the prediction performance
of prediction modelst’™™. Our aim was to perform a head-to-head comparison
between CBCrisk, PredictCBC and the Manchester formula. We hereto used several
large population- and hospital-based studies used to develop and cross-validate the
PredictCBC models.
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MATERIAL AND METHODS

External validation of CBCrisk and the Manchester formula was performed in 20 studies:
four with individual patient data from the Netherlands (the Amsterdam Breast Cancer
Study (ABCS), the Breast Cancer Outcome Study of Mutation carriers (BOSOM), the
Erasmus MC Breast Cancer Registry (EMC), the Netherlands Cancer Registry (NCR));
and 16 other studies of the Breast Cancer Association Consortium (BCAC). The latter is
an international consortium of 102 studies comprising 182,898 patients (data version:
January 2017) with a primary BC diagnosed between 1939 and 20164, Of these, 16
non-familial BC BCAC studies including invasive non-metastatic European-descent
female patients with first primary invasive BC diagnosed from 1990 onwards, and with at
least 10 CBC events, were included in the analysest'. Details about studies and patient
selection, and data imputation were described previously®.

The outcome was in situ or invasive metachronous CBC. Follow-up started 3 months after
invasive first primary BC diagnosis, to exclude synchronous CBCs, and ended at date of
CBC, distant metastasis (but not at loco-regional relapse), CPM or last date of follow-up
(due to death, being lost to follow-up, or end of study), whichever occurred first. In the
BCAC, 27,155 patients were recruited more than 3 months after diagnosis of the first
primary BC (prevalent cases); for these patients, follow-up started at date of recruitment
(left truncation). Distant metastasis and death due to any cause were competing events.

The Manchester formula provides an estimate of a woman'’s individual life-time CBC risk.
To assess the prediction performance, we translated the life-time CBC risk to 5- and 10-
year CBC risks (see Supplementary Material). The predictors included in the CBC risk
estimation in the Manchester formula, CBCrisk and PredictCBC models are provided in
Table 1. Predictors that were sporadically missing were multiply imputed as described
elsewherel,

Statistical analysis

Discrimination, the ability of the model to differentiate between patients who experienced
CBC and those who did not, was calculated by time-dependent Area-Under-the-Curve
(AUCs) based on Inverse Censoring Probability Weighting at 5 and 10 years!'>'®l, Values
of AUCs close to 1 indicate good discrimination while values close to 0.5 indicate poor
discrimination (a coin flip). Calibration is the agreement between observed and predicted
risk and is commonly characterized by calibration-in-the-large and slope statistic.
Calibration-in-the-large characterizes the overall difference between the observed and
predicted risks. It was calculated using the expected/observed (E/O) ratio. An E/O less
than 1 indicates that the model systematically underestimates CBC risk, while an E/O
above 1 indicates that the model systematically overestimates CBC risk. The expected
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number of cases was calculated by summing the individual predicted probabilities at 5
and 10 years, based on the patient-specific covariate values!'”. The observed number of
cases was estimated by the non-parametric CBC cumulative incidence at 5 and 10 years.
The calibration slope was estimated using a Fine and Gray regression model using the
linear predictor of the prediction tools. The linear predictor was vs constructed as the
sum of the factors included in each model weighted by the corresponding regression
coefficients (or parameters), and then computed in the validation dataset exactly as
reported for the development set. The calibration slope is determined as the regression
coefficient for this linear predictor when fitted as a single covariate in a regression
model of disease outcome in the validation dataset. A well-calibrated model should
have a calibration slope of 1; slopes < 1 indicate that coefficients were too optimistic for
the validation setting!'®. Calibration results were graphically displayed.

Table 1: Predictors included in current contralateral breast cancer risk prediction tools

List of predictors CBCrisk® M?;?Slsat Ter zfglgrzcﬁi sgfglcf;ﬂBBct
Age at diagnosis v v v v
Age at first birth v
First-degree family history v v v v
BRCA1/2 germline mutation v v
First breast cancer behavior type* v v
Lymph node status v v
Breast density v
Tumor size v v
Morphology v v
Tumor grade v v
High risk pre-neoplasia v
ER status v v v v
HER?2 status v v
Chemotherapy v v
Endocrine therapy v v v
Radiation to the breast v v
Trastuzumab v v
Oophorectomy under 40 years v

* Contralateral breast cancer risk was calculated including women diagnosed with ductal carcinoma in situ;
8Chowdhury M, Euhus D, Onega T, Biswas S, Choudhary PK (2017) A model for individualized risk Abbreviation: ER:
estrogen receptor status; HER2: human epidermal growth factor receptor 2.

prediction of contralateral breast cancer. Breast Cancer Res Treat 161 (1):153-160.

tBasu NN, Ross GL, Evans DG, Barr L (2015) The Manchester guidelines for contralateral risk-reducing
mastectomy. World J Surg Oncol 13:237

1 Giardiello D, Steyerberg EW, Hauptmann M, Adank MA, Akdeniz D, Blomqgvist C, Bojesen SE, Bolla MK, Brinkhuis
M, Chang-Claude J, Czene K, Devilee P, Dunning AM, Easton DF, Eccles DM, Fasching PA, Figueroa J, Flyger H,
Garcia-Closas M, Haeberle L, Haiman CA, Hall P, Hamann U, Hopper JL, Jager A, Jakubowska A, Jung A, Keeman

R, Kramer |, Lambrechts D, Le Marchand L, Lindblom A, Lubinski J, Manoochehri M, Mariani L, Nevanlinna H,
Oldenburg HSA, Pelders S, Pharoah PDP, Shah M, Siesling S, Smit V, Southey MC, Tapper WJ, Tollenaar R, van
den Broek AJ, van Deurzen CHM, van Leeuwen FE, van Ongeval C, Van't Veer LJ, Wang Q, Wendt C, Westenend PJ,
Hooning M), Schmidt MK (2019) Prediction and clinical utility of a contralateral breast cancer risk model. Breast
Cancer Res 21 (1):144. doi:10.1186/s13058-019-1221-1
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Analyses were stratified by geographic groups of studies, since stratification by individual
studies would provide too few events in some stratal’>'?!. To allow for heterogeneity
across multiple studies, random-effect meta-analyses were performed. We calculated
95% confidence intervals (Cl) and 95% prediction intervals (PI), which indicate the likely
range for prediction accuracy of the model in a new dataset, for discrimination and
calibration measures. A sensitivity analysis was performed to check the consistency of
CBCrisk performance measures when metachronous CBC was defined as an event after
6 instead of 3 months since the first BC diagnosis. More details are provided in the
Supplementary Material. All analyses were implemented using SAS (SAS Institute Inc.,
NC, USA) and R softwarel?.,

RESULTS

We included 132,756 patients from 20 studies who experienced 4,862 CBC events
during a median follow-up of 8.8 years. The main patient and clinical characteristics
across studies and geographic areas are shown in Table 2.

The AUCs at 5 and 10 years was around 0.6: 0.59 (95% CI: 0.57-0.61; 95% PI: 0.54-0.64)
and 0.58 (95% Cl: 0.57-0.59; 95% PI: 0.55-0.61) for CBCrisk (Figure 1); 0.61 (95% ClI:
0.60-0.62; 95% PI: 0.59-0.63) and 0.60 (95% Cl: 0.59-0.61; 95% PI: 0.58-0.62) for the
Manchester formula (Figure 2). The E/O ratio at 5 and 10 years was close to 1 for all
models: 0.86 (95% Cl: 0.50-1.46; 95% PI: 0.20-3.75) and 0.82 (95% Cl: 0.51-1.32; 95% PI:
0.21-3.14) for CBCrisk (Table 3); 1.54 (95% Cl: 0.61-3.92; 95% PI: 0.11-20.72, Table 4),
and 1.53 (95% Cl: 0.63-3.73; 95% PI: 0.13-18.52) for the Manchester formula (Table 4);
1.26(95% Cl: 0.57-2.77; 95% PI: 0.14-11.34), and 1.28 (95% Cl: 0.63-2.58; 95% PI: 0.18-
9.18) for PredictCBC-1A (Table 5); 1.33 (95% Cl: 0.59-2.99, 95% PI: 0.14-12.76), 1.35
(95% Cl: 0.65-2.77; 95% PI: 0.19-10.24) for PredictCBC-1B (Table 5)[5]. The calibration
slope was close to 1 for CBCrisk (1.26, 95% CI: 1.01-1.50 and 95% PI: 1.01-1.50, Table
3-5), and PredictCBC-1A and 1B 0.90 (95% Cl: 0.79-1.02; 95% PI: 0.73-1.08), and 0.81
(95% ClI: 0.63-0.99; 95% PI: 0.50-1.12) (Table 5), while prognostic effects were far too
large for the Manchester formula (slope: 0.39, 95% Cl: 0.34-0.43, 95% PI: 0.34-0.43,
Table 4-5). Calibration plots of CBCrisk at 5 and 10 years are shown in Supplementary
Figure 1 and Supplementary Figure 2. As reported previously[5], the AUCs at 5 and 10
years for PredictCBC-TA were 0.63 (95% Cl: 0.58-0.67, 95% PI: 0.52-0.74), and 0.63 (95%
Cl: 0.59-0.66, 95% PI: 0.53-0.72), respectively; for PredictCBC-1B 0.59 (Cl: 0.54-0.63,
95% PI. 0.46-0.71, Table 5), and 0.59 (95% CI: 0.56-0.62, 95% PI: 0.52-0.66, Table 5),
respectively.
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PREDICTION OF CBC: EXTERNAL VALIDATION OF RISK CALCULATORS IN 20 INTERNATIONAL COHORTS

“The studies denoted with Europe and United States and Australia are part of the Breast Cancer Association Consortium

BOSOM: Breast Cancer Outcome Study of Mutation carriers; EMC: Erasmus Medical Center; NCR: Netherlands Cancer Registry

§ Europe - other geographic area included studies from Belgium (1), Germany (2), Netherlands (2) and Poland (2).
BC: breast cancer; ER: estrogen receptor; CBC: contralateral breast cancer; Cl: confidence interval;
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Figure 1: Prediction performance of the CBCrisk model (Chowdhury et al. [7]). The upper and
lower panel show the discrimination assessed by a time-dependent Area-Under-the-Curve at 5 and
10 years, respectively. The black squares indicate the estimated accuracy of a model built on all
remaining studies or geographic areas. The black horizontal lines indicate the corresponding 95%
confidence intervals of the estimated accuracy (interval whiskers). The black diamonds indicate the
mean with the corresponding 95% confidence interval of the predictive accuracy.

Validation dataset AUC [95% CI]
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Europe - Scandinavia | 0.56 [0.50, 0.61]
Europe - UK A — 0.62 [0.58, 0.67]
Netherlands - BOSOM - 0.62[0.60, 0.64]
Netherlands - EMC — 0.81[0.58, 0.64]
Netherlands - NCR b 0.80 [0.57, 0.62]
US and Australia [ E—— 0.62 [0.58, 0.66]
Meta-analysis B 0.61 [0.60, 0.62]
Area Under the Curve at 10 years

Europe - Other P 0.62[0.58, 0.66]
Europe - Scandinavia e 0.57 [0.53, 0.60]
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Area Under the Curve
Figure 2: Prediction performance of the Manchester formula (Basu et al. [8]) The upper and
lowerpanel show the discrimination assessed by a time-dependent Area-Under-the-Curve at 5 and
10 years, respectively. The black squares for each dataset indicate the estimated accuracy of a
model built on all remaining studies or geographic areas. The black horizontal lines indicate the
corresponding 95% confidence intervals of the estimated accuracy (intervalwhiskers). The black
diamonds indicate the mean with the corresponding 95% confidence interval of the predictive
accuracy.
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Table 3: Calibration performance of the CBCrisk model®

Validation dataset

E/O ratio at 5 years

E/O ratio at 10 years

Calibration slope

(95% Cl) (95% Cl) (95% Cl)
Europe - Other 0.87 (076 - 0.98) 0.75(0.68 - 0.81) 1.11(0.40-1.83)
Europe - Scandinavia 1.59(1.28 -1.91) 1.23(1.08 - 1.38) 0.86(0.16 - 1.57)
Europe - UK 1.35(1.38-2.17) 1.82(1.53-2.11) 0.85(-0.03-1.73)
Netherlands - BOSOM 0.45(0.37-0.53) 0.50(0.43-0.57) 1.34(0.76 - 1.93)
Netherlands - EMC 0.48(0.38-0.57) 0.43(0.37-0.50) 1.19(0.65-1.73)
Netherlands - NCR 0.57 (0.54 - 0.59) 0.54(0.52 - 0.56) 1.40(1.11-1.68)
US and Australia 0.43(0.33-0.54) 0.56 (0.45 - 0.67) 1.13(0.25-2.00)

Meta-analysis
95% PI

0.86(0.50 - 1.46)
0.20-3.75

0.82(0.51-1.32)
0.21-3.14

1.26(1.01 - 1.50)
1.01-1.50

Abbreviations: E/O: expected-observed; Cl: confidence interval; UK: United Kingdom; BOSOM: Breast Cancer
Outcome Study of Mutation carriers; EMC: Erasmus Medical; Center NCR: Netherlands Cancer Registry; Pl:

prediction interval

*Chowdhury M, Euhus D, Onega T, Biswas S, Choudhary PK (2017) A model for individualized risk prediction of

contralateral breast cancer. Breast Cancer Res Treat 161 (1):153-160.

Table 4: Calibration performance of the Manchester formula®

Validation dataset

E/O ratio at 5 years

E/O ratio at 10 years

Calibration slope

(95% Cl) (95% Cl) (95% Cl)
Europe - Other 1.64 (1.44 - 1.85) 146 (1.34 - 1.58) 0.40 (0.29 - 0.50)
Europe - Scandinavia 2.61(2.09-3.12) 2.11(1.85-2.37) 0.35(0.13-0.57)
Europe - UK 3.34(2.60 - 4.08) 3.49 (2.93 - 4.05) 0.42 (0.23-0.61)
Netherlands - BOSOM 0.81(0.66 - 0.96) 0.92 (0.79 - 1.05) 0.45 (0.33 - 0.56)
Netherlands - EMC 0.94(0.75-1.14) 0.87(0.75 - 1.00) 0.35(0.21 - 0.49)
Netherlands - NCR 1.00 (0.95 - 1.04) 1.01 (0.98 - 1.05) 0.37(0.33-0.42)
US and Australia 0.77 (0.58 - 0.96) 1.02(0.82-1.23) 0.51(0.33 - 0.68)

Meta-analysis

95% PI

1.54(0.61-3.92)
0.11-20.72

1.53(0.63-3.73)
0.13-1852

0.39(0.34-0.43)
0.34-0.43

Abbreviations: E/O: expected-observed; Cl: confidence interval; UK: United Kingdom; BOSOM: Breast Cancer
Outcome Study of Mutation carriers; EMC: Erasmus Medical; Center NCR: Netherlands Cancer Registry; Pl:

prediction interval

*Basu NN, Ross GL, Evans DG, Barr L (2015) The Manchester guidelines for contralateral risk-reducing
mastectomy. World J Surg Oncol 13:237

Sensitivity analysis showed that the performance measures of CBCrisk did not change

when metachronous CBC was defined after 6 months since first BC diagnosis (see
Supplementary Materials, Supplementary Table 1-2 and Supplementary Figure 3).
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Table 5: Summary of prediction performance of CBCrisk, Manchester formula, and PredictCBC
version 1A and version 1B with the corresponding 95% prediction intervals (PI).

Characteristics CBCrisks Manchester PreQictCBC* PredictCBC*
formula® version TA* version 1B*
Discrimination
AUC at 5 years (95% PI) 0.59(0.54-0.64) 0.61(0.59-0.63) 0.63(052-0.74) 0.59(0.46-0.71)
AUC at 10 years (95% PI) 0.58(0.55-0.61) 0.60(0.58-0.62) 0.63(0.53-0.72) 0.59(0.52-0.66)

Calibration
E/O ratio at 5 years (95% PI) 0.86(0.20-3.75) 1.54(0.11-20.72) 1.26(0.14-11.34) 1.33(0.14-12.76)
E/O ratio at 10 years (95% PI)  0.82(0.21-3.14) 1.53(0.13-18.52) 1.28(0.18-9.18) 1.35(0.19-10.24)
Slope (95% PI) 1.26(1.01-1.50) 039(0.34-0.43) 090(0.73-1.08) 0.81(0.50-1.12)

Abbreviations: AUC: Area under the curve; PI: prediction interval

*Chowdhury M, Euhus D, Onega T, Biswas S, Choudhary PK (2017) A model for individualized risk prediction of
contralateral breast cancer. Breast Cancer Res Treat 161 (1):153-160.

"Basu NN, Ross GL, Evans DG, Barr L (2015) The Manchester guidelines for contralateral risk-reducing
mastectomy. World J Surg Oncol 13:237

‘ Giardiello D, Steyerberg E, Hauptmann M, et al. (2019) Prediction and clinical utility of a contralateral breast
cancer risk model. Breast Cancer Res. doi:10.1186/s13058-019-1221-1, Figure 1 and Figure S5

“version 1A includes BRCA mutation status as a variable while 1B does not.

DISCUSSION

Accurate CBC risk predictions are essential in clinical decision making around CPM or
tailored surveillance among patients with first primary BC. In particular, overestimation of
risk can lead to recommending CPM among BC patients with low risks. Underestimation
can lead to suboptimal surveillance or hesitance about recommending CPM for patients
with substantial risk. Using individual patient data from multiple studies with long
follow-up, we externally evaluated the prediction performance accuracy of CBCrisk,
a tool developed and validated to provide individualized CBC risk prediction, and the
Manchester formula, a heuristically derived calculation of CBC lifetime risk®879, In
addition, the availability of different European-descendent studies allowed heterogeneity
in the performance by geographic area to be assessed.

CBCrisk under-predicted the risk of CBC and had moderate discrimination ability with
considerable heterogeneity between studies. The Manchester formula was empirically
derived from a systematic review, and its discrimination accuracy was higher than
CBCrisk. This may be explained by the inclusion of BRCA1/2 mutation carrier information,
an important determinant of CBC risk?"l. With the same large individual patient data
sets, PredictCBC models had been developed and validated®. In particular, PredictCBC
version 1A includes information of BRCA1/2 mutation carriers and extensive information
about the primary BC including treatments. The discrimination of all three prediction
models was moderate, with AUC values around 0.6.
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CBCrisk was previously externally validated using two independent clinical studies
from Johns Hopkins University (JH) and MD Anderson Cancer Center (MDA) in the USP.
Discrimination ability was 0.61 and 0.65 at 3 years, and 0.62 and 0.61 at 5 years for JH
and MDA, respectively. The risk of CBC was overestimated in JH with E/O ratios of 2.02
and 1.56 at 3 and 5 years, while underestimated in MDA with E/O ratios of 0.61 and 0.62,
respectively.

The considerable heterogeneity in all CBC risk calculators, especially in the CBCrisk and
the Manchester formula, reflects the different CBC incidences in every study!'®. Another
potential source of heterogeneity is the carrier frequency of germline mutations
associated with CBC that may vary among studies, especially in the CBC calculators
not including information of BRCA1/2 mutation as CBCrisk and the PredictCBC-1B@22.
In addition, heterogeneity may be due to the different proportions of the use of (neo)
adjuvant systemic therapies explained by the different distribution of tumor subtypes
among studies®. Besides, inter-observer variation in pathological examination of BC
among studies may lead to different adjuvant systemic therapy advice and, consequently,
prediction of CBC risk?3. Variation in prediction performance and limited generalizability
of CBCrisk calculators can also be partially explained by differences in how predictors are
measured among studies?#%], For example, lack of family history knowledge may lead to
uncertainty in risk prediction and varies according to demographics of the patients?®.
In particular, if in some studies BC patients misreported information about family
history, the CBC risk would be over(under)estimated causing inappropriate decision-
making regarding CPM or tailored surveillance. Some limitations of our study must
be recognized. Firstly, our dataset, while large, had missing data for three covariates
that were used in the CBCrisk model: breast density, age at first birth, and high risk
preneoplasia. The authors of CBCrisk estimated the relative risks for patients with the
unknown characteristics, but the use of the missing indicator variable is suboptimal
compared to having the prognostic information available. It may lead to over or under-
estimation of absolute CBC risk?”). For this reason, we suggest that it is preferable to
use multiple imputation of missing data, as is done in the PredictCBC modelsi?829. In
addition, investigation of the potential source of model misspecification due to possible
different definitions or measurement error was not possiblel30=2,

In conclusion, current statistical risk prediction models and heuristic formulas provided
moderate CBC individualized prediction performance. Careful re-calibration is required
before considering these models for clinical decision making. A more direct comparison
between the current CBC risk prediction models using a large external dataset with
complete information on all factors included in all CBC prediction models would be
ideal, but is currently unavailable. There is an ongoing debate about improvements
of clinical prediction performance using machine learning approaches compared to
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standard regression approaches for risk prediction®34. However, irrespective of the
methodology, better predictors are needed to predict CBC more accurately. Deeper
biological insights and potential inclusion of other genetic markers such as CHEK2
¢.1100del mutation status and polygenic risk scores based on common genetic variants
may improve CBC risk prediction, although rare mutations are unlikely to contribute
substantially to CBC risk in the general population®>3%, Life-style factors such as body
mass index, alcohol consumption, and smoking also may help to better stratify high
and low CBC risk patients even though these factors are difficult to measure accurately.
Moreover, breast density may be important. More detailed information about adjuvant
systemic therapies may better identify patients with low and high CBC risk since
chemotherapy and especially endocrine therapy reduce CBC risk. After extension
and further external validation of prediction models for CBC risk, investigation of their
potential clinical utility is an important future step.
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SUPPLEMENTARY MATERIAL

1. From Manchester guidelines to Manchester formula

A simple formula has been proposed by Basu et al. to calculate the life-time risk of
contralateral breast cancer (CBC) based on a literature review of risk factors. We
translated the life-time risk to 5- and 10-year CBC risk to compare the prediction
performance with CBCrisk and PredictCBC. A complete overview is given in the following
schema:

Manchester guidelines Manchester formula
(life-time CBC risk) (CBCrisk at 5 and 10 years)
Step 1: calculate the number of years of CBC risk using Step 1: set CBC risk at 5 and 10 years assuming
80 years as the average life expectancy. The number of the number of years at risk of CBC (N) be 5 and 10,
years of CBC risk (N) can be calculated as: respectively:

N = 80 years - patient age (years) N=5o0r10

Step 2: calculate the life-time risk (L) using the annual ~ Step 2: calculate the CBC risk at 5 and 10 years using
incidence of CBC at 0.5% among patients diagnosed an annual incidence of CBC of 0.5% among patients
with first invasive breast cancer: diagnosed with first invasive breast cancer:

L =5x%0.5% (5-year CBC risk)

L=Nx0.5% L =10x0.5% (10-year CBC risk)

Step 3: The life-time risk can be modified based on Step 3: according to the information of the risk
patient's personal risk profile as: factors available, calculate the 5- and 10-year CBC
personalized risk (Y):

For patients with estrogen-receptor positive disease:

Lx0.5 Y =L x(1-0.5X)) ¥ (1-0.5X,) x (1+X,+3X, - X.)]

For patients with a BRCA1/2 germline mutation™: L x 4;

For patients with oophorectomy under age of 40 Where:

years: L x 0.5

For patients with a family history of breast cancer®; X, =1 (if estrogen-receptor positive, 0 else)

Lx2;
X, =1 (if oophorectomy under 40 years, 0 else)

“For patients with a BRCA1/2 germline mutation and a s = 1 (if family history, O else)

family history: L x 4.
amily history: L x X, = 1 (if BRCA mutation, 0 else)

X5 =1 (if BRCA mutation and family history, 0 else)

2. Sensitivity analysis

The PredictCBC and CBCrisk models considered contralateral breast cancer (CBC) more
than 3 and 6 months after the first invasive breast cancer (BC) diagnosis as metachronous,
respectively. A sensitivity analysis was done to evaluate the performance of CBCrisk by
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considering metachronous CBC after 6 months since first BC. Discrimination accuracy
at 5 years was 0.59 with the corresponding 95% confidence interval (Cl) between 0.57
and 0.61 (Supplementary Figure 3), and the corresponding 95% prediction interval
(PI) between 0.54 and 0.64. Discrimination accuracy at 10 years was 0.58 (95% CI: 0.57-
0.59; 95% PI: 0.55-0.61, Supplementary Figure 3). The expected/observed (E/O) ratio
at 5yearswas 0.89 (95% Cl:0.53-1.49.,; 95% PI: 0.21-3.72) and at 10 years was 0.84 (95%
Cl: 0.53-1.34; 95% PI: 0.23-3.13) (Supplementary Table 1). The calibration slope was
1.26 (95% ClI: 1.01-1.51; 95% PI: 1.01-1.51). An overview of prediction performances of
the main results and those from the sensitivity analysis are shown in Supplementary
Table 2.

Supplementary Table 1: Calibration performances of CBCrisk from the sensitivity analysis defining
CBC as an event 6 months after the first breast cancer diagnosis

Validation dataset E/O r?g;;tg)years E/O ra(tlg(gt;,t(]_‘g years Calltzrgasté/i)ncslope
Europe - Other 0.92 (0.80 - 1.04) 0.76 (0.69 - 0.83) 1.17 (0.44-1.91)
Europe - Scandinavia 1.61(1.29-1.93) 1.24(1.08 - 1.39) 0.84(0.14 -1.55)
Europe - UK 1.77(1.38-2.17) 1.82(1.53-2.11) 0.85(-0.03-1.73)
Netherlands - BOSOM 0.47(0.38 - 0.56) 0.51(0.44-0.58) 1.33(0.73-1.92)
Netherlands - EMC 0.49 (0.39 - 0.59) 0.44(0.38 - 0.50) 1.22(0.68-1.77)
Netherlands - NCR 0.58 (0.55-0.61) 0.55(0.53 - 0.56) 1.40(1.11-1.69)
US and Australia 0.56(0.40-0.72) 0.66 (0.52 - 0.80) 1.15(0.27 - 2.03)

Meta-analysis 0.89 (0.53 - 1.49) 0.84(0.53-1.34) 1.26(1.01-1.51)
95% PI 0.21-3.72 0.23-3.13 1.01-1.51

Abbreviations: E/O: expected/observed; PI: prediction interval;

BOSOM: Breast Cancer Outcome Study of Mutation carriers; EMC: Erasmus Medical Center; UK: United Kingdom;

NCR: Netherlands Cancer Registry

Supplementary Table 2: An overview of prediction performances of the CBCrisk model

Characteristics

CBCrisk
CBC definition 3 months

CBCrisk

CBC definition 6 months
(sensitivity analysis)

Discrimination
AUC at 5 years (95% PI)
AUC at 10 years (95% PI)
Calibration
E/O ratio at 5 years (95% PI)
E/O ratio at 10 years (95% PI)
Slope (95% PI)

0.59 (0.54-0.64)
0.58 (0.55-0.61)

0.86 (0.20-3.75)
0.82(0.27-2.51)
1.26 (1.01-1.50)

0.59 (0.54-0.64)
0.58 (0.55-0.61)

0.89(0.21-3.72)
0.84(0.23-3.13)
1.26 (1.01-1.51)

Abbreviations:

AUC: Area-Under-the-Curve;
Pl: prediction interval

E/O: expected/observed
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Supplementary Figure 1: Calibration plot of CBCrisk at 5 years

The x-axis represents the predicted cumulative incidence of contralateral breast cancer at 5 years
and the y-axis the observed cumulative incidence at 5 years. The black dots indicate the calibration
for quartiles of predicted values. Vertical black bars indicate the 95% confidence intervals. The
dashed gray line indicates perfect overall calibration. Each panel indicates a validation in one of the
datasets. Panel A: Netherlands - BOSOM; Panel B: Netherlands - EMC; Panel C: Netherlands - NCR;
Panel D: Europe - Scandinavia; Panel E: United States and Australia; Panel F: Europe - Other; Panel
G: Europe - United Kingdom.
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Supplementary Figure 2: Calibration plot of CBCrisk at 10 years

The x-axis represents the predicted cumulative incidence of contralateral breast cancer at 10 years
and the y-axis the observed cumulative incidence at 10 years. The black dots indicate the calibration
for quartiles of predicted values. Vertical black bars indicate the 95% confidence intervals. The
dashed gray line indicates perfect overall calibration. Each panel indicates a validation in one of the
datasets. Panel A: Netherlands - BOSOM; Panel B: Netherlands - EMC; Panel C: Netherlands - NCR;
Panel D: Europe - Scandinavia; Panel E: United States and Australia; Panel F: Europe - Other; Panel
G: Europe - United Kingdom.
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Validation dataset AUC [95% CI]

Area Under the Curve at 5 years

Europe - Other | — 0.58 [0.54, 0.61]
Europe - Scandinavia [ e 0.57 [0.54, 0.60]
Europe - UK = B 0.55 [0.54, 0.56]
Netherlands - BOSOM b 0.62 [0.59, 0.65]
Netherlands - EMC —a— 0.61 [0.59, 0.63]
Netherlands - NCR —a— 0.60 [0.58, 0.62]
US and Australia e 0.63 [0.60, 0.66]
Meta-analysis i 0.59 [0.57, 0.61]

Area Under the Curve at 10 years

Europe - Cther | | 0.61 [0.53, 0.68]
Europe - Scandinavia —a 0.56 [0.53, 0.59]
Europe - UK - 0.56 [0.55, 0.57]
Netherlands - BOSOM —a— 0.60 [0.58, 0.62]
Netherlands - EMC - 0.58 [0.57, 0.60]
Netherlands - NCR ] 0.58 [0.57, 0.61]
US and Australia T 0.57 [0.55, 0.60]
Meta-analysis B 0.58 [0.57, 0.59]
T T T T 1
0.5 0.55 0.6 0.65 0.7

Area Under the Curve

Supplementary Figure 3: Sensitivity analysis of CBCrisk prediction performances. A metachronous
contralateral breast cancer was defined after 6 months since the first breast cancer diagnosis. The
upper and lower panel show the discrimination assessed by a time-dependent Area-Under-the-
Curve at 5 and 10 years, respectively. The black squares for each dataset indicate the estimated
accuracy of a model built on all remaining studies or geographic areas. The black horizontal lines
indicate the corresponding 95% confidence intervals of the estimated accuracy (interval whiskers).
The black diamonds indicate the mean with the corresponding 95% confidence interval of the
predictive accuracy.
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ABSTRACT

Background

Prediction of contralateral breast cancer (CBC) risk is challenging due to moderate
performances of the known risk factors. We aimed to improve our previous risk prediction
model (PredictCBC) by updated follow-up and including additional risk factors.

Methods

We included data from 207,510 invasive breast cancer patients participating in 23
studies. 8,225 CBC events occurred over a median follow-up of 10.2 years. In addition
to the previously included risk factors, PredictCBC-2.0 included CHEK2 c.1100delC, a
313 variant polygenic risk score (PRS-313), body mass index (BMI), and parity. Fine and
Gray regression was used to fit the model. Calibration and a time-dependent Area
Under the Curve (AUC) at 5 and 10 years were assessed to determine the performance
of the models. Decision curve analysis was performed to evaluate the net benefit of
PredictCBC-2.0 and previous PredictCBC models.

Results

The discrimination of PredictCBC-2.0 at 10 years was higher than PredictCBC with an
AUC of 0.65 (95% prediction intervals (P1):0.56-0.74) versus 0.63 (95%P1:0.54-0.71).
PredictCBC-2.0 was well-calibrated with an observed/expected (O/E) ratio at 10 years of
0.92 (95%P1:0.34-2.54). Decision curve analysis for contralateral preventive mastectomy
(CPM) showed potential clinical utility of PredictCBC-2.0 between thresholds of 4-12%
10-year CBC risk for BRCA1/2 mutation carriers and non-carriers.

Conclusions

Additional genetic information beyond BRCA1/2 germline mutations improved CBC risk
prediction and might help tailor clinical decision making towards CPM or alternative
preventive strategies. Identifying patients who benefit from CPM, especially in the
general breast cancer population, remains challenging.
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INTRODUCTION

Contralateral breast cancer (CBC) is the most common second primary cancer among
women diagnosed with first primary invasive breast cancer (BQO)". CBC accounts for
approximately 40-50% of all new secondary cancers in women with first primary invasive
BC and has potentially less favorable prognosisi?®. Worries regarding CBC risk have
increased the demand for contralateral preventive mastectomy (CPM)™-8. However, the
impact of CPM on survival is uncertain, especially in women with low risk to develop a
CBCP ™= Thus, improved CBC risk prediction is important in order to inform decision
making on surveillance and preventive strategies. Currently, the most important factor
for decision making on CPM is the BRCAT/2 mutations status!'.

We previously developed and cross-validated two models using data from 132,756
invasive BC patients with a median follow-up of 8.8 years including 4,672 CBC events!'.
One model (PredictCBC-1A) was developed including information about BRCAT1/2
mutation status and another (PredictCBC-1B) for the general breast cancer population
of genetically untested women. Two other specific CBC prediction tools are currently
available in the literature: the Manchester formula (part of the Manchester guidelines
for CPM) and CBCrisk >8],

In addition to BRCAT/2 mutations, other genetic risk factors for breast cancer are also
associated with CBC risk. In particular, there is substantial evidence that the CHEK?
€.1100delC variant increases the risk of developing CBC'* 2%, In addition, polygenic risk
scores (PRS) of common variants, developed for association with a first breast cancer
have been shown to predict CBC in the general BC population and in BRCAT/2 mutation
carriersi?’24, particularly the extensively validated 313 SNP PRSIZL With regard to the
lifestyle and reproductive factors, there is evidence that body mass index (BMI) and
parity at or around the time of the first primary invasive BC diagnosis are associated
with CBC risk!?®,

Our aim was to refit PredictCBC models incorporating these additional risk factors. We
utilized the same dataset but with updated follow-up, and added additional studies,
especially one large study of BRCAT and BRCA2 mutation carriers. We evaluated the
potential improvement in prediction performance and utility for clinical decision making
of the updated models for both BRCAT/2 carriers as the general (non-tested) breast
cancer population (PredictCBC-2.0).
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MATERIAL AND METHODS

Study population and available data

We used the data from the same five main sources previously used to develop
PredictCBC models to develop the PredictCBC-2.0 models including updated follow-up
information, additional patients and CBC events('. Two studies were addionally included
from the Breast Cancer Association Consortium (BCAC) compared to the version of the
BCAC data used to develop PredictCBC-1A and PredictCBC-1B models. Most of the
studies were either population- or hospital-based series; and most women were of
European-descent (Supplementary Tables 1-2, available online). We also additionally
included patients selected from the Hereditary Breast and Ovarian cancer study in
the Netherlands (HEBON)®27, a nationwide study based on clinical genetic centers. The
eligibility criteria were the same as previously: briefly, we included female patients with
invasive first primary BC with no sign of distant metastases at diagnosis or prior history of
cancer (except for non-melanoma skin cancer)l". We included women diagnosed after
1990 so that diagnostic and treatment procedures were close to modern practice while
follow-up was sufficient to study CBC incidence. In total 207,510 women from 23 studies
were included. All studies were approved by the appropriate ethics and scientific review
boards. All women provided written informed consent; or, for some Dutch cohorts as
applicable, the secondary use of clinical data was in accordance with Dutch legislation
and codes of conduct® 29, Information on the factors included in the analyses, follow-
up per dataset, and study design are in Supplementary Table 2, available online.

Statistical analyses

Primary endpoint and follow-up

The primary endpoint in the analyses was incidence of invasive or in situ metachronous
CBC. Follow-up started 3 months after invasive first primary BC diagnosis, to exclude
synchronous CBCs, and ended at date of CBC, distant metastasis (but not a loco-
regional relapse), CPM, or last date of follow-up (due to death, loss to follow-up, or end
of study), whichever occurred first. For 36,553 (17.6%) women, from BCAC and HEBON,
recruitment or blood sampling for DNA testing occurred more than 3 months after
diagnosis of the first primary BC. For these women, follow-up (prevalent cases), started
at recruitment or at the date of blood draw or at DNA test result (left truncation). Patients
who underwent CPM during the follow-up were censored because of negligible CBC risk
after a CPMEY. Missing data were multiply imputed by chained equations (MICE) to avoid
loss of information due to case-wise deletion®'**(Supplementary Material, available
online).

Model development and validation
We used multivariable Fine and Gray regression models to account for death and
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distant metastases as competing eventst4. Analyses were stratified by study to
allow baseline hazard (sub)distributions to differ across studies. The assumption
of proportional subdistribution hazards was graphically checked using Schoenfeld
residualsi®. The resulting subdistribution hazard ratios (sHRs) and corresponding
95% confidence intervals (Cl) were pooled from 5 imputed data sets using Rubin’s
rulesI. We re-estimated the coefficients of PredictCBC-1A and PredictCBC-1B, and we
re-fitted the PredictCBC models using the extended data set with updated follow-up
time. PredictCBC-1A, developed including information about BRCA1/2 mutation carrier
status, was extended by including CHEK2 ¢.1110delC status, PRS-313, BMI, and parity
(hereafter: PredictCBC-2.0A)"). CHEK2 c.1110delC and PRS-313 were derived from the
BCAC database, as published previously!?>3¢27 We extended PredictCBC-1B, developed
for genetically untested women, incorporating BMI and parity (hereafter: PredictCBC-
2.0B). Potential non-linear relations between continuous predictors and CBC risk were
investigated using restricted cubic splines with three knots.

The validity of the model was investigated by leave-one-study-out cross-validation[38].
In each validation cycle, all studies were analyzed except one, in which the validity of the
model was evaluated. Since some BCAC studies had insufficient CBC events required for
reliable validation, we used the geographic area as unit for splitting®#4%. Nineteen out
of 23 studies were combined in 4 geographic areas. (Supplementary Table 3, available
online). A total of 8 units of splitting including 4 geographic ares and 4 studies were used
to cross-validated the models.

The performance of the PredictCBC-2.0 was assessed by discrimination, i.e., the ability
to differentiate between patients diagnosed with CBC and those who were not, and
by calibration, which measures the agreement between the actual (observed) risk and
CBC risk estimated by the prediction models (predicted). Discrimination was quantified
by time-dependent areas under the ROC curve (AUCs) based on Inverse Censoring
Probability Weighting at 5 and 10years#!. Values of AUCs close to 1 indicate good
discrimination, while values close to 0.5 indicated poor discrimination. Calibration was
assessed by the observed to expected (O/E) ratio and calibration plots at 5 and 10
yearst2 41 An O/E ratio lower or higher than 1 indicates that average predictions are too
high or low, respectively.

To consider heterogeneity among studies, a random-effect meta-analysis was
performed to provide summaries of discrimination and calibration performance. The
95% prediction intervals (Pl) indicate the likely performance of the model in a new
dataset. The summary performances of PredictCBC-2.0 and 1.0 models were compared
to evaluate whether adding the new predictors improved the performance of CBC
risk prediction. We developed and validated the risk prediction model following the
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Transparent Reporting of a Multivariable Prediction model for Individual Prognosis or
Diagnosis (TRIPOD)statement®4, Analyses were done in SAS (SAS Institute Inc., Cary, NC,
USA) and R (version 3.6.1).

Clinical utility

The clinical utility of the prediction models was evaluated using decision curve analysis
(DCA)> 481 A key metric DCA is the net benefit, which is the number of true-positive
classifications (in this example: the number of CPMs in patients who would have
developed a CBC) minus the weighted number of false-positive classifications (in this
example: the number of unnecessary CPMs in patients who would not have developed
a CBQ). The false positives are weighted by a factor related to the relative harm of a
missed CBC versus an unnecessary CPM. The weighting is derived from the threshold
probability to develop a CBC using a fixed time horizon (e.g., CBC risk at 5 or 10 years)
47, For example, a threshold of 10% implies that CPM in 10 patients, of whom one would
develop CBC if untreated, is acceptable (thus performing 9 unnecessary CPMs). The
net benefit of a prediction model is traditionally compared with the strategies of treat
all or treat none. Since the use of CPM is generally only considered among BRCAT1/2
mutation carriers, the decision curve analysis was reported among BRCAT/2 mutation
carriers and non-carriers separately®. Among patients not tested for BRCA7/2 germline
mutations, we assumed that the decision for CPM is based on family history of breast
cancer. Net benefits of PredictCBC-2.0A and PredictCBC-2.0B were compared with net
benefit of PredictCBC-TA and 1B, respectively, to assess the potential improvement in
clinical utility of the updated models.

RESULTS

A total of 207,510 women with invasive first primary BC diagnosed between 1990
and 2017, with 8,225 CBC events (6,828 invasive, 1,397 in situ), from 23 studies, were
used for prediction modeling for CBC risk (Supplementary Table 2, available online).
Median follow-up time was 10.2 years and CBC cumulative incidences at 5 and 10
years were 2.2% and 4.1%, respectively. Details of the studies and patient, tumor, and
treatment characteristics are provided in Supplementary Table 4 (available online).
The multivariable models with estimates for all included factors are shown in Table 1.

Most of factors were independently associated with CBC risk, including the new factors
incorporated in the PredictCBC-2.0 models, i.e., s BMI, parity, CHEK2 ¢.1110delC, and
PRS-313. There was no evidence against log-linear relationships between BMI, parity
and PRS-313 and CBC risk. Non-linearity between age at first BC diagnosis and CBC risk
was accounted for with a linear spline at age 60 years. The formulae of the PredictCBC
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models are provided in Supplementary Methods (available online). To calculate the
predicted CBC cumulative incidence, we used the event-free baseline probability of the
Netherlands Cancer Registry (NCR), as previouslyt™.

Table 1. Multivariable subdistribution hazard models for contralateral breast cancer risk

PredictCBC-2.0A PredictCBC-2.0B
Factor (reference)
sHR (95% Cl) sHR (95% CI)
Age at PBC, years (75" vs 25" quartile: 66 vs 48) 0.872(0.83 - 0.90) 0.822(0.78 - 0.85)
Body mass index, kg/m? (75" vs 25" quartile: 28.4 vs 22.7) 1.06 (1.03 - 1.09) 1.06 (1.03 - 1.09)
Parity (75" vs 25" quartile: 3 vs 1) 0.85(0.82 - 0.88) 0.86 (0.83 - 0.90)
Family history (yes) 117 (1.12-1.23) 1.35(1.29-1.42)
BRCA mutation
BRCAT vs non-carrier 479 (4.43-5.17)
BRCA2 vs non-carrier 3.09(2.72 - 4.25)
PRS,,,° (75" vs 251 quartile: -0.49 vs 0.32) 1.35(1.31-1.39)
CHEK2 ¢.1100delC mutation (present) 2.75(2.85-3.34) -
Nodal status of FBC (positive) 0.99(0.93 - 1.05) 0.99(0.93 - 1.04)
Tumor size category of FBC, cm
(2,5]vs <2 0.99 (0.94 - 1.05) 1.01(0.96 - 1.07)
>5vs<2 1.23(1.10-1.36) 1.22(1.09 - 1.36)
Morphology of FBC (lobular including mixed) 1.19(1.12-1.27) 1.17(1.10-1.24)
Grade of FBC
Moderately differentiated vs well differentiated (Il vs 1) 0.93(0.88 - 0.99) 0.98 (0.93 - 1.04)
Poorly differentiated vs well differentiated (Il vs 1) 0.85(0.79-0.91) 0.95(0.88-1.01)
Chemotherapy (yes) 0.75(0.70 - 0.80) 0.75(0.70 - 0.80)
Radiotherapy to the breast (yes) 0.93 (0.89 - 0.98) 0.95 (0.90 - 0.99)
ER with endocrine therapy
negative/no vs positive/yes 1.53(1.43-1.65) 1.78 (1.67 - 1.90)
positive/no vs positive/yes 1.95(1.83-2.07) 1.94(1.82 - 2.06)
HER2 with trastuzumab therapy
negative/no vs positive/yes 1.22(1.09 - 1.38) 1.30(1.15-1.46)
positive/no vs positive/yes 1.12(0.97-1.28) 1.14(1.00-1.31)

Abbreviations:

vs: versus; sHR: subdistributional hazard ratio; CI: confidence interval; PRS: polygenic risk score; PBC: first primary
breast cancer; ER: estrogen receptor; HER2: human epidermal growth factor 2;

?age was parametrized as a linear spline with one interior knot at 60 years. For representation purposes, we here
provide the sHR for the 75" versus the 25" percentile.

PPRS standardized by the same standard deviation (SD) used by Mavaddat et al (SD=0.61)[25].

The AUCs at 5 and 10 years of PredictCBC-2.0A were higher than of PredictCBC-1A at 5
years: 0.66, 95% prediction interval (Pl): 0.55-0.76 versus 0.62 (95%PI:0.51-0.74); and
at 10 years: 0.65 (95%P1:0.56-0.74) versus 0.63 (95%P1:0.54-0.71)(Figure 1-2, Table 2).
The AUCs for PredictCBC-2.0B and PredictCBC-1B were both 0.59 (95%PI: PredictCBC-
2.0B:0.51-0.68; PredictCBC-1B:0.49-0.69) at 5 years and both 0.58 (95%PI1:0.51-0.65) at
10 years (Figure 1-2, Table 2).
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The O/E ratio at 5 and 10 years across all versions of PredictCBC models ranged between
0.90 and 0.92 with similar 95%PIs (Figure 1-2, Table 2). Calibration plots of PredictCBC
2.0 models are provided in the Supplementary Figures 1-4 (available online).
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Europe - Scandinavia ey 0.64[0.57,0.70]  Europe - Scandinavia i 0.64 [0.60, 0.68]
Europe - UK . | 0.64[0.56,0.73]  Europe - UK [ | 0.630.58, 0.69]
Netherlands - BOSOM (B 0.69[0.64,0.74]  Netherlands - BOSOM I | 0.69[0.64, 0.74]
Netherlands - EMC [ 0.71[0.66,0.75]  Netherlands - EMC [ 0.70 [0.66, 0.74]
Netherlands - HEBON [ 0.69[0.66,0.72]  Netherlands - HEBON — 0.680.66, 0.70]
Netherlands - NCR - 0.68 [0.66, 0.69] Netherlands - NCR Ll 0.67 [0.67, 0.68]
US and Australia e 0.58 [0.52, 0.65] US and Australia e 0.58 [0.52, 0.63]
Meta-analysis - 0.66[0.62,0.70]  Meta-analysis - 0.65 [0.62, 0.69]

0.4 0.5 0.6 0.7 0.8 0.4 0.5 0.6 0.7 0.8
AUC at 5 years AUC at 10 years
Cc D
Validation dataset O/E ratio [95%CI]  Validation dataset OJE ratio [95%Cl]
Europe - Other 3 0.76 [0.67,0.87]  Europe - Other - 0.91[0.82, 1.00]
Europe - Scandinavia [ 0.64[0.51,0.80]  Europe - Scandinavia [ 0.76 [0.66, 0.88]
Europe - UK [ 0.39[0.31,0.50]  Europe - UK = 0.32[0.27, 0.39]
Netherlands - BOSOM [ 0.94[0.78,1.12]  Netherlands - BOSOM [ 0.89 [0.78, 1.02]
Netherlands - EMC . 0.95[0.78, 1.17]  Netherlands - EMC [ 1.11[0.97, 1.29]
Netherlands - HEBON Jar— 1.87[1.70,2.06]  Netherlands - HEBON . 1.77[1.65, 1.90]
Netherlands - NCR n 1.09[1.05, 1.13] Netherlands - NCR L] 1.13[1.10, 1.16]
US and Australia | — 1.27[1.01, 1.60] US and Australia f-— 1.17[0.99, 1.39]
Meta-analysis - 0.91[0.66, 1.25]  Meta-analysis - | 0.92 [0.66, 1.30]
0 0

0.78 155 233 0.78 155 233
Observed / Expected ratio at 5 years Observed/Expected ratio at 10 years

Figure 1. Analysis of predictive performance of PredictCBC-2.0A in leave-one-study-out cross-
validation. Discrimination was assessed by a time-dependent AUC at 5 and 10 years (panel A and
B, respectively). Calibration accuracy was measured with observed/expected (O/E) ratio at 5 and
10 years (panel C and D, respectively). The black squares indicate the estimated accuracy of a
model built using all remaining studies or geographic areas. The black horizontal lines indicate the
corresponding 95% confidence intervals of the estimated accuracy (interval whiskers). The black
diamonds indicate the mean with the corresponding 95% confidence intervals of the predictive
accuracy, and the dashed horizontal lines indicate the corresponding 95% prediction intervals.
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Figure 2. Analysis of predictive performance of PredictCBC-2.0B in leave-one-study-out cross-
validation. Discrimination was assessed by a time-dependent AUC at 5 and 10 years (panel A and
B, respectively). Calibration accuracy was measured with observed/expected (O/E) ratio at 5 and
10 years (panel C and D, respectively). The black squares indicate the estimated accuracy of a
model built using all remaining studies or geographic areas. The black horizontal lines indicate the
corresponding 95% confidence intervals of the estimated accuracy (interval whiskers). The black
diamonds indicate the mean with the corresponding 95% confidence intervals of the predictive
accuracy, and the dashed horizontal lines indicate the corresponding 95% prediction intervals.

Table 2. Summary of prediction performance of PredictCBC-1A, PredictCBC-1B, PredictCBC-2.0A
and PredictCBC-2.0B with the corresponding 95% prediction intervals (Pl) based on a leave-one-
study out cross-validation procedure.

Performance measure

- Discrimination Calibration
it AUC (95% PI) O/E ratio (95% PI)
prediction model
5-year 10-year 5-year 10-year
PredictCBC-1A 0.62 (0.51-0.74) 0.63(0.54-0.71) 0.90 (0.36-2.24) 0.91(0.34-2.48)
PredictCBC-2.0A 0.66 (0.55-0.76) 0.65 (0.56-0.74) 0.91(0.35-2.34) 0.92 (0.34-2.54)
PredictCBC-1B 0.59 (0.49-0.69) 0.58 (0.51-0.65) 0.91(0.32-2.55) 0.92 (0.30-2.80)
PredictCBC-2.0B 0.59 (0.51-0.68) 0.58 (0.51-0.65) 0.91(0.31-2.63) 0.92 (0.30-2.87)

Abbreviations: AUC: Area under the Curve; CBC: contralateral breast cancer; Pl: prediction interval; O/E =
observed/expected
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The decision curves showed the net benefit for a range of harm-benefit thresholds at
10-year CBC risk (Figure 4). We evalutated the potential clinical utility of PredictCBC-
2A versus PredictCBC-1.0A for decision thresholds between 4-12% for the 10-year
CBC risk among BRCA1/2 mutation carriers and non-carriers (Table 3). For example,
if consensus guidelines would indicate acceptability of one in 10 patients for whom a
CPM is recommended developing CBC, a risk threshold of 10% may be used to define
high and low risk BRCAT/2 mutation carriers based on the absolute 10-year CBC risk
prediction estimated by the models. Compared with a strategy recommending CPM to
all BRCAT/2 mutation carriers, PredictCBC-1A avoids 76.9 net CPMs per 1,000 patients
(Table 3). An additional 50.0 CPMs may be avoided using PredictCBC-2.0A compared to
PredictCBC-TA. In contrast, almost no non-BRCAT/2 mutation carriers had predictions
above the 10% threshold (general BC population, Table 3); three necessary CPMs per
1,000 patients would be indicated using PredictCBC-2.0A. Analyses for PredictCBC-1B
and PredictCBC-2.0B at 10 years suggested a potential clinical utility between 4-6%
10-year CBC risk for patients with and without family history (Table 3 and Figure
4). No remarkable improvement in net benefit was detected using PredictCBC-2.0B
compared to PredictCBC-1B in decision making regarding CPM (Table 3 and Figure
4). Decision curves for CBC risk using PredictCBC and PredictCBC-2.0 at 5 years and
the corresponding clinical utility showed similar patterns (Supplementary Figures S5-6
and Supplementary Table 5, available online).
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Figure 3. Density distribution of 10-year predicted contralateral breast cancer using PredictCBC
version 2 models. a Density distribution of 10-year predicted contralateral breast cancer absolute
risk using PredictCBC-2.0A within non-carriers (area with black solid lines) and BRCA7/2 mutation
carriers (area with black dashed lines). b Density distribution of 10-year predicted contralateral
breast cancer absolute risk using PredictCBC-2.0B within patients without (first degree) family
history (area with black solid lines) and patients with (first degree) family history (area with black
dashed lines).
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DISCUSSION

We evaluated the potential improvement of CBC risk prediction by adding established
genetic (CHEK2 ¢.1100delC and PRS-313) and life-style (BMI and parity) factors to the
previous PredictCBC models, and used additional follow-up information and new studies
to provide more reliable estimates.

The current clinical recommendations of CPM are mostly based on the presence of a
pathogenic mutation in BRCA1/214°:59, This seems a reasonable approach according to
CBC risk predictions based on the PredictCBC models: few non-BRCAT/2 carriers exceed
a 10% 10-year risk threshold. However, approximately 40% of BRCA7/2 mutation carriers
do not reach this threshold either, suggesting that a significant proportion of BRCA1/2
carriers might be spared CPM. Additional genetic information beyond BRCA1/2 germline
mutation such as the presence of the CHEK2 c.1110delC variant and PRS-313 might
improve decision making.

Currently available CBC models, such as CBCrisk and the Manchester formula, show
only moderate discrimination®'. In addition, the Manchester formula has been shown
to systematically overestimate CBC riskP". The BOADICEA model, a well-known risk
prediction tool to estimate risk of developing first primary BC, also allows the calculation
of CBC riskBz*51 Although BOADICEA includes rare pathogenic variants in moderate
and high risk BC susceptibility genes (i.e., BRCAT, BRCA2, PALB2, ATM and CHEK2, BARD1,
RAD51C, RAD51D), and PRS-313, it does not incorporate information on systemic
treatment of the primary BC, which are important predictors of CBC risk®e.

A model for prediction of recurrence, the INFLUENCE nomogram, was developed to
estimate five-year recurrence risk as well as conditional annual risks of developing a local
or regional recurrence based on first BC and treatment characteristics®”. A more recent
version (INFLUENCE 2.0) also provides 5-year individualized predictions for secondary
primary breast cancer based on cases older than 50 years at first cancer diagnosis
from the NCR nationwide cohort irrespective of their genetic status or testing status
using random survival forests8. The model provided moderate discrimination (AUC at
5years: 0.67; 95%Cl:0.65-0.68) using internal validation. In our comparable population-
and hospital-based Dutch series, EMC and NCR, the AUCs at 5 years of PredictCBC-1A
were 0.69 (95%Cl:0.64-0.73) and 0.66 (95%Cl:0.65-0.67), and of PredictCBC-2.0A 0.71
(95%Cl:0.66-0.75) and 0.68 (95%Cl:0.66-0.69), respectively. Moreover, INFLUENCE 2.0
is only relevant for the general population, while PredictCBC can also be used in the
clinical genetic setting. Notably, we demonstrated that decision making about preventive
strategies in clinical practice is unlikely to improve without genetic information.
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Our work has some limitations: firstly, some women included in the Dutch studies
(providing specific information on family history, BRCA mutation or CPM) were also
present in our selection of the NCR population, as described previouslyt™™. Privacy
and coding issues prevented linkage at the individual patient level, but based on the
hospitals from which the studies recruited, and the age and period criteria used, we
calculated a maximum potential overlap of 9%. Secondly, important predictors such as
family history, BRCA1/2 and CHEKZ2 c.1110delC status, and PRS-313, were only available
in a subset of the women, although the multiple imputation approach should lead to
consistent estimates¢". Detailed information about family history would have been
useful to improve CBC risk prediction, especially among patients with a mutation in
BRCA1/2 or CHEK2. Nonetheless, we considerably increased the number of patients
with BRCAT/2 mutation status and family history information compared to our previous
publication (40,343 vs 7,704 and 53,399 vs 30,541 patients with available BRCA mutation
status and family history information, respectively), and added CHEK2 c.1110delC, which
is a founder mutation present in approximately 0.5-1.6% of individuals of Northern and
Eastern European descent and explains the large majority of carriers of CHEK2 protein
truncating variants in these populationst' 2. Further validation will be required to
investigate how well PredictCBC models predict risk in other populations. In particular,
the model was developed in patients of European ancestry and further evaluation and
adaptation will be needed to extend PredictCBC models to non-European populationsf®*
4. Future research might also include comparisons of machine learning (ML) methods
with classical statistical regression modelst® €8,

The prediction models may be further improved by including additional risk factors.
In particular, rare mutations in other breast cancer susceptibility genes, such as ATM
and PALB2 are also likely to be associated with an increased risk of CBC22 678 The
discrimination provided by the PRS will also improve as more SNPs are added® 7%,
Prediction performance might also be improved by adding breast density and other risk
factors, modelled dynamicallyinatime dependentfashion". Finally, we wishtoemphasize
that adequate presentation (e.g., with online tools) of the risk estimates is crucial for
effective communication about CBC risk during doctor-patient consultationst’> 721,

CONCLUSIONS

In conclusion, we present an updated version of a previously proposed contralateral
breast cancer risk model (PredictCBC) including additional information on breast cancer
genetic variants beyond BRCAT/2, lifestyle and reproductive factors. PredictCBC-2.0,
available online, is based on longer follow-up from a wide range of new European-
descent population and hospital-based studies, with satisfactory calibration. PredictCBC
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2.0 may be used to tailor clinical decision making towards CPM or alternative preventive
strategies, especially when genetic information is available.
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SUPPLEMENTARY MATERIALS

1. Data and patient selection

For this study we used data from six main sources available from national and international
collaborations including nationwide registry data, as well as hospital-based studies with
more detailed information on relevant prediction factorst'. Briefly, the six main sources
were: (1) The Breast Cancer Association Consortium (BCAC), which is an international
consortium of 106 studies comprising 186,594 patients (data version August 2019) with
a primary breast cancer (BC) diagnosed between 1939 and 2018, In our previous study,
16 studies were selected to develop PredictCBC models. In this study, two studies were
additionallyincluded inthe dataset to develop PredictCBC-2.0 models!®; (2) The Amsterdam
Breast Cancer Study (ABCS) containing 2,763 patients diagnosed with a first BC at the
Netherlands Cancer Institute - Antoni van Leeuwenhoek (NKI-AVL) hospital in Amsterdam
from 2003 to 2013%; (3) The Breast Cancer Outcome Study of Mutation carriers (BOSOM),
which is a Dutch consecutive series of 7,105 patients with invasive BC treated for their
primary BC in ten centers throughout the Netherlands between 1970 and 2003; in this
study 94% of patients were genotyped for BRCA1/2 germline mutations?); (4) The Erasmus
Medical Center (EMC) study including patients diagnosed with BC between 1989 and 2013
who were treated at the EMC in Rotterdam; for this study, complete follow-up was obtained
for 3,483 patients who had been diagnosed between 2000 and 2009;(5) The Netherlands
Cancer Registry (NCR), which is an ongoing nationwide population-based data registry of
all newly diagnosed cancer patients in the Netherlands since 1989, We included patients
diagnosed between 2003 and 2015, a period for which sufficient follow-up and receptor
status information were availablet* *;(6) Hereditary Breast and Ovarian cancer study, the
Netherlands (HEBON) study is an ongoing nationwide Dutch study among members of
BRCA1/2 families in the Netherlands, including 16,617 BC patients diagnosed between
1953 and 2017V, The general design includes a retrospective cohort because the BRCA1/2
DNA test was available from 1995, with a prospective follow-up. BRCA1/2 families were
identified through ten centers (nine Clinical Genetic Centers/Family Cancer Clinics and the
Foundation for the Detection of Hereditary Tumors). The eligibility criteria applied in each
data source is reported in Table S1. Data were harmonized by recoding each of the main
datasets by the responsible data managers according to a standardized data dictionary.
We performed checks for data consistency and validity centrally.

We extracted the following information: BRCA1/2 germline mutation, family history (first
degree) of primary BC, CHEK2 ¢.1100delC, polygenic risk score (PRS) (derived from BCAC),
body mass index (BMI), parity and regarding primary BC diagnosis: age, nodal status,
size, grade, morphology, estrogen-receptor (ER) status, progesterone-receptor (PR),
human epidermal growth factor receptor 2 (HER2) status, administration of adjuvant
or neoadjuvant chemotherapy, adjuvant endocrine therapy, adjuvant trastuzumab
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therapy, radiotherapy® 8. We excluded PR status and TNM stage of the primary BC due
to collinearity with ER status and the size of the primary tumor, respectively. In current
clinical practice, only patients with ER-positive tumors receive endocrine therapy and
only patients with HER2-positive tumors receive trastuzumab; these co-occurrences
were considered in the model by using composite categorical variables. A description of
the studies included in the analyses is provided in Supplementary Table 2. Follow-up
started three months after invasive first primary BC diagnosis, to exclude synchronous
contralateral breast cancer (CBC), and ended at date of CBC, distant metastasis (but not
loco-regional relapse), CPM, or last date of follow-up (due to death, being lost to follow-up,
or end of study), whichever occurred first. We considered that after loco-regional relapse,
a woman would be still at risk for CBC as treatment for loco-regional relapse would
not affect CBC unless adjuvant systemic treatment was given. Distant metastasis was
considered as a competing risk because most of the patients receive systemic therapies
after developing distant metastasis.

Age at first primary BC seemed to have a non-linear relation with CBC. Using splines,
we observed that CBC risk increased with age till around 60 years old and declined
afterwards. Therefore, we used a linear spline with a knot at 60 years in the prediction
model. The use of this linear spline was a good compromise to address the non-linear
relation between CBC risk and age across the different baseline risks in all the studies,
with different age distributions and selections (one study included only women aged
under 50 years). Moreover, the observed non-linear relation resembled the shape of
age-related BC incidence curves with an increased risk until menopausal age followed
by a decrease (Clemmensen’s hook)!'%.

2. Multiple imputation of missing values

The percentage of missing values across the predictors varied between 3.2% and 84%
for morphology of first primary BC and BRCA mutation, respectively. In the individual
patient data (IPD), both sporadic and systematic missing may occur. The former are
missing values within a study, the latter are values missing for all individuals within a
particular studyt''3,

For our analyses, we used five imputed datasets based on the multiple imputation
chained equations (MICE) using 50 iterations. The visit sequence of the variables was in
ascending order of the number of missing values. This technique improves the accuracy
and the statistical power assuming missing is at random (MAR). In the imputation
procedure, we also used the year of first primary BC diagnosis since this information
provides a better correlation structure among covariates used as predictors in the
imputation model. Since there were systematic missing data, we used the imputation
model based on the stratified multiple imputation strategy (SMI). In this approach,
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the variable identifying the study was used as covariate to improve substantially the
imputation especially for the systematic missing predictors that might occur in the IPD
from multiple studies!™. Continuous, binary, and multiple categorical variables were
imputed using predictive mean matching, binary and multinomial logistic regression,
respectively. Time-to-event outcome defined as time to CBC, time to death, and time
to distant metastasis were included in the imputation process through the Nelson-
Aalen cumulative hazard estimator'. For every variable with missing data, every
imputation model selects predictors based on correlation structure underlying the
data. We recoded the variables chemotherapy and morphology after imputation.
Information about neoadjuvant and adjuvant chemotherapy were separately imputed.
Then, we created a chemotherapy variable by combining the variables for neoadjuvant
and adjuvant chemotherapy in every imputed dataset. Morphology of primary tumor
was imputed by keeping all original categories (‘Lobular’, ‘Ductal, ‘Mixed (ductal and
lobular)y and ‘Other’). After multiple imputation, we created two categories ‘Lobular
including mixed' and ‘Ductal including other’ to mitigate possible overfitting due to the
small numbers of patients with ‘Mixed" and ‘Other’ categories. Since in current clinical
practice, only estrogen receptor (ER) positive patients receive endocrine therapy
and only human epidermal growth factor receptor 2 (HER2) positive patients receive
trastuzumab, composite categorical factors of ER and endocrine therapy and of HER2
and trastuzumab therapy were considered in the model building. However, in our data,
1% of patients with 97 CBC events were coded as ER-negative treated with endocrine
therapy and 0.1% of patients with 11 CBC events were coded as HER2-negative treated
with trastuzumab therapy. In every imputed dataset, we recoded those patients as ER-
positive treated with endocrine treatment and HER2-positive treated with trastuzumab
since the largest proportion of patients (67%) were ER-positive treated with endocrine
therapy and 60% were HER2-positive treated with trastuzumab in the complete data.

We used the R package mice (version 3.13.0) to impute our data and combine the
estimates using Rubin'’s rules.

3. Formula to estimate the contralateral breast cancer risk using PredictCBC-
2.0A

Our developed model is a subdistributional proportional hazard Fine and Gray model.
The estimated cumulative incidence of CBC was estimated using the following formula:

F(t) = 1= {[Sp()]**» P}
Where tis the time (in years) since primary BC, F(t) is the cumulative incidence of CBC
and Sy (t) is the probability to survive beyond for baseline covariate values. To calculate

the predicted CBC cumulative incidence, we used the event-free baseline probability of
the Dutch Cancer Registry. The baseline survival estimates according to the model and
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time t are:

S0,(5) = 0.985
S0(10) = 0.971
And

Linear Predictor (LP) =

- 0.303 + 0.003x Age - 0.031 x Age’ + 0.011 x BMI - 0.0812 x Parity + 0.157 x I[Family
history = Yes] + 1.566 x I[BRCA = BRCAT] + 1.128 x I[[BRCA = BRCA2] + 0.938 x I[CHEK2
€.1100delC] +0.398 x PRS-313 - 0.011 x I[[Nodal status = positive] - 0.089 x I[Size of PBC
=(2,5] cm] + 0.201 x I[Size of PBC = greater than 5 cm] + 0.186 x I[[Morphology of PBC =
lobular including mixed] - 0.069 x I[Grade of PBC = moderately differentiated] - 0.163
x [[Grade of PBC = poorly/undifferentiated]- 0.285 x [[Chemotherapy = yes] + 0.065 x
I[Radiotherapy to the breast = yes] + 0.428 x I[ER-negative without endocrine therapy
]+ 0.668 x I[ER-positive without endocrine therapy ]+ 0.203 x I[HER2-negative without
trastuzumab] + 0.111 x I[[HER2-positive without trastuzumab]

Where Age’' = max(Age - 60, 0), with age in years

4. Formula to estimate the contralateral breast cancer risk in using PredictCBC-
2.0B

The formula for the alternative model is reported below. Baseline survival estimates
according to the model and time ¢ are:

So(5) = 0.984
So(10) = 0.970
And

- 0.160 - 0.002 x Age - 0.029 x Age' + 0.011 x BMI - 0.0728 x Parity + 0.304 x I[Family
history =Yes] - 0.013x I[Nodal status = positive] + 0.011 x [[Size of PBC=(2,5] cm] + 0.198
x |[Size of PBC = greater than 5 cm] + 0.158 x I[[Morphology of PBC = lobular including
mixed] - 0.017 x I[[Grade of PBC = moderately differentiated] - 0.055 x [[Grade of PBC =
poorly/undifferentiated]- 0.293 x [[Chemotherapy = yes] - 0.055 x I[[Radiotherapy to the
breast = yes] + 0.578 x [[ER-negative without endocrine therapy ] + 0.661 x I[ER-positive
without endocrine therapy ]+ 0.262 x I[HER2-negative without trastuzumab] + 0.133 x
I[[HER2-positive without trastuzumab]

Where Age’ = max(Age - 60, 0), with age in years.
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Supplementary Table 1: Patient characteristics in the different data sources.

Source of data

ABCS BCAC' BOSOM  EMC  HEBON NCR
Number of patients 2,763 186,594 7,105 3483 16,617 160,861

Eligibility criteria, number of patients excluded

Studies from Asian countries - 7,146 - - - -
Patients of non-European descent 74 51,328 - - - -
Patients younger than 18 years old - 4 - - - -
Year of PBC diagnosis before 1990 - 4,014 3,126 - 1,132 -
Year of PBC diagnosis missing - 15,435 - - 2
PBCstage 0 123 38 2 - - -
PBC stage IV 149 1,811 104 - 115 7,774
Patients did not undergo surgery 24 1,247 43 5 293 9,278
Number of eligible patients 2,393 105571 3,830 3,478 15075 143,809
No follow-up or follow-up less than 3 months 173 15,804 70 88 2,382* 3,396
Familiar breast cancer studies - 6,739 - -
Studies with less than 10 CBC events - 37,994 - -
Number of patients included in the analysis 2,220 45034 3,760 3,390 12,693 140,413
(number of patients with CBC) (44) (1,001)  (288) (221) (918) (5,753)
Total number of patients included in the analysis 207,510
(number of CBQ) (8,225 of which 6,828 invasive and 1,397 in situ)

Abbreviations:

ABCS: Amsterdam Breast Cancer Study; BCAC: Breast Cancer Association Consortium. *BCAC is composed of 106
studies world-wide. The 45,034 patients selected for the analysis came from 18 studies; BOSOM: Breast Cancer
Outcome Study of Mutation carriers; EMC: Erasmus Medical Center; HEBON: Hereditary Breast and Ovarian
cancer study Netherlands. *1,433 tested for BRCA1/2 germline mutation after CBC or preventive mastectomy;
NCR: Netherlands Cancer Registry; PBC: primary breast cancer; CBC: contralateral breast cancer

Supplementary Table 2: available online.
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Supplementary Table 3: List of BCAC studies (including ABCS source) with the corresponding
country and geographic area. For studies in which the number of contralateral breast cancer
events was insufficient for external validation, the geographic area was used.

Study Country Geographic area or study
ABCS Netherlands Europe - Other

ABCFS Australia United States and Australia
BBCC Germany Europe - Other

BREOGAN Spain Europe - Other

CGPS Denmark Europe - Scandinavia
HEBCS Finland Europe - Scandinavia
KARBAC Sweden Europe - Scandinavia
KARMA Sweden Europe - Scandinavia
LMBC Belgium Europe - Other

MARIE Germany Europe - Other

MEC United States United States and Australia
ORIGO Netherlands Europe - Other

PBCS Poland Europe - Other

PKARMA Sweden Europe - Scandinavia
POSH United Kingdom Europe - United Kingdom
SEARCH United Kingdom Europe - United Kingdom
SKKDKFZS Germany Europe - Other

SZBCS Poland Europe - Other

UBCS United States United States and Australia

Supplementary Table 4: available online (Patient and primary breast cancer characteristics per

study).
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Predictions at 10 vears

Supplementary Figure 2: Visual assessment of calibration through calibration plots in the internal-
external cross-validation at 10 years for the PredictCBC-2.0A model.

The x-axis represents the predicted cumulative incidence of contralateral breast cancer estimated
by PredictCBC-2.0A model at 10 years and the y-axis the estimated actual contralateral breast
cancer risk at 10 years. The black lines indicate the calibration of predicted values using a three-
knot restricted cubic spline. Dashed black lines indicate the 95% confidence intervals. The dashed
gray line indicates perfect overall calibration. Each panel indicates a validation in one of the
datasets. Panel A: Europe - Other; Panel B: Europe - Scandinavia; Panel C: Europe - UK; Panel
D: Netherlands - BOSOM; Panel E: Netherlands - EMC; Panel F: Netherlands - HEBON; Panel G:
Netherlands - NCR; Panel H: US and Australia.

126 | CHAPTER4

0.08 0.08 0.08 0.08:
’
2,
0.05 0.05 0.05 0,05 P
0.04 0.04 0.04 0.04

AL 4 -
P 002 L 0.02 . 002 ,
P ~=.

8

.
= ’

Z Pz
7

000 00z 004 005 008 010 012 014 000 00z 004 005 008 010 012 014 000 0Dz 004 005 008 010 012 034 000 00z 004 005 008 010 012 0.4

E F G H

o o
o o
° o
® H

Estimated actual CBC risk at 5 years

0.08 ) 0.8 0.8 0.08
/
i
0.05 ‘ 0.05 0.05 0.05
'
' 2
’ a
0.0+ Y 0.0+ 0.0+ i 0 4
A L
e s
S
0.2 / 002 002 002 -
- [
o
000 002 004 006 008 070 012 014 000 0b2 004 006 008 010 012 014 000 0b2 004 006 008 00 012 074 000 obe 004 006 008 010 012 074

Predictions at 5 vears

Supplementary Figure 3: Visual assessment of calibration through calibration plots in the internal-
external cross-validation at 5 years for the PredictCBC-2.0B model.

The x-axis represents the predicted cumulative incidence of contralateral breast cancer estimated
by PredictCBC-2.0B model at 5 years and the y-axis the estimated actual contralateral breast
cancer risk at 5 years. The black lines indicate the calibration of predicted values using a three-knot
restricted cubic spline. Dashed black lines indicate the 95% confidence intervals. The dashed gray
line indicates perfect overall calibration. Each panel indicates a validation in one of the datasets.
Panel A: Europe - Other; Panel B: Europe - Scandinavia; Panel C: Europe - UK; Panel D: Netherlands
- BOSOM; Panel E: Netherlands - EMC; Panel F: Netherlands - HEBON; Panel G: Netherlands - NCR;
Panel H: US and Australia.
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Supplementary Figure 4: Visual assessment of calibration through calibration plots in the internal-
external cross-validation at 10 years for the PredictCBC-2.0B model.

The x-axis represents the predicted cumulative incidence of contralateral breast cancer estimated
by PredictCBC-2.0B model at 10 years and the y-axis the estimated actual contralateral breast
cancer risk at 10 years. The black lines indicate the calibration of predicted values using an three-
knot restricted cubic spline. Dashed black lines indicate the 95% confidence intervals. The dashed
gray line indicates perfect overall calibration. Each panel indicates a validation in one of the
datasets. Panel A: Europe - Other; Panel B: Europe - Scandinavia; Panel C: Europe - UK; Panel
D: Netherlands - BOSOM; Panel E: Netherlands - EMC; Panel F: Netherlands - HEBON; Panel G:
Netherlands - NCR; Panel H: US and Australia.
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Supplementary Figure 5: Density distribution of 5-year predicted contralateral breast cancer
using PredictCBC-2.0 models. a Density distribution of 5-year predicted contralateral breast
cancer absolute risk using PredictCBC-2.0A within non-carriers (area with black solid lines) and
BRCA1/2 mutation carriers (area with black dashed lines). b Density distribution of 5-year predicted
contralateral breast cancer absolute risk using PredictCBC-2.0B within patients without (first
degree) family history (area with black solid lines) and patients with (first degree) family history
(area with black dashed lines).
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Supplementary Figure 6. Decision curve analysis at 5 years for the contralateral breast cancer risk
models (PredictCBC and PredictCBC-2.0) including BRCA mutation information. a The decision curve
to determine the net benefit of the estimated 5-year predicted contralateral breast cancer (CBC)
cumulative incidence for patients without a BRCA1/2 gene mutation using PredictCBC-1A (dotted
black line) and PredictCBC-2.0A (dashed black line) compared to not treating any patients with
contralateral preventive mastectomy (CPM) (black solid line). b The decision curve to determine
the net benefit of the estimated 5-year predicted CBC cumulative incidence for BRCA7/2 mutation
carriers using PredictCBC-1A (dotted black line), PredictCBC-2.0A (dashed black line) versus
treating (or at least counseling) all patients (gray solid line). ¢ The decision curve to determine
the net benefit of the estimated 5-year predicted CBC cumulative incidence for patients without
(first-degree) family history using PredictCBC-1B (dotted black line), PredictCBC-2.0B (dashed black
line) compared to not treating any patients with CPM (black solid line). d The decision curve to
determine the net benefit of the estimated 5-year predicted CBC cumulative incidence for patients
with (first-degree) family history using PredictCBC-1B (dotted black line), PredictCBC-2.0B (dashed
black line) versus treating (or at least counseling) all patients (gray solid line). The y-axis measures
net benefit, which is calculated by summing the benefits (true positives, i.e., patients with a CBC
who needed a CPM) and subtracting the harms (false positives, i.e., patients with CPM who do not
need it). The latter are weighted by a factor related to the relative harm of a non-prevented CBC
versus an unnecessary CPM. The factor is derived from the threshold probability to develop a CBC
at 10years at which a patient would opt for CPM (e.g., 5%). The x-axis represents the threshold
probability. Using a threshold probability of 5% implicitly means that CPM in 20 patients of whom
one would develop a CBC if untreated is acceptable (19 unnecessary CPMs, harm to benefit ratio
1:19)
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ABSTRACT

We aimed to assess contralateral breast cancer (CBC) risk in patients with ductal
carcinoma in situ (DCIS) compared with invasive breast cancer (BC). Women diagnosed
with DCIS (N=28,003) or stage I-Ill BC (N=275,836) between 1989-2017 were identified
from the nationwide Netherlands Cancer Registry. Cumulative incidences were
estimated, accounting for competing risks, and hazard ratios (HRs) for metachronous
invasive CBC. To evaluate effects of adjuvant systemic therapy and screening, separate
analyses were performed for stage | BC without adjuvant systemic therapy and by mode
of first BC detection. Multivariable models including clinico-pathological and treatment
data were created to assess CBC risk prediction performance in DCIS patients. The
10-year cumulative incidence of invasive CBC was 4.8% for DCIS patients (CBC=1,334).
Invasive CBC risk was higher in DCIS patients compared with invasive BC overall
(HR=1.10, 95% confidence interval (Cl)=1.04-1.17), and lower compared with stage | BC
without adjuvant systemic therapy (HR=0.87; 95%CI=0.82-0.92). In patients diagnosed
>2011, the HR for invasive CBC was 1.38 (95%Cl=1.35-1.68) after screen-detected DCIS
compared with screen-detected invasive BC, and was 2.14 (95%Cl=1.46-3.13) when not
screen-detected. The C-index was 0.52 (95% CI=0.50-0.54) for invasive CBC prediction
in DCIS patients. In conclusion, CBC risks are low overall. DCIS patients had a slightly
higher risk of invasive CBC compared with invasive BC, likely explained by the risk-
reducing effect of (neo)adjuvant systemic therapy among BC patients. For support of
clinical decision making more information is needed to differentiate CBC risks among
DCIS patients.
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INTRODUCTION

Contralateral breast cancer (CBC) is the most frequent second cancer reported after
first invasive breast cancer (BC)'=. The cumulative incidence of invasive CBC for women
following invasive BC is ~0.4% per year“®. Several studies have shown a decrease in CBC
incidence as a result of (neo)adjuvant systemic therapies®®,

Ductal carcinoma in situ (DCIS) is a potential precursor of invasive BC. The incidence
of DCIS has increased substantially with widespread introduction of population-based
mammography screening including digital mammography and represents 10-25% of
all BC patients®'". Since DCIS has an excellent prognosis with a disease-specific survival
of more than 98% at 10 years'>'4, a large group of women is at risk of developing CBC.

The risk of invasive CBC for DCIS patients has not been widely investigated, but the
annual risk is estimated between 0.4-0.6%'"31>1¢. Moreover, it is unclear if the risk of
CBCis comparable between patients diagnosed with invasive BC and patients with DCIS.
One study in the United States (US), using data from the Surveillance, Epidemiology,
and End Results (SEER) database, found a similar relative CBC risk for DCIS patients
compared to patients with invasive BC'”. On the other hand, an indirect assessment
between DCIS patients and invasive BC patients has been provided by a CBC risk
prediction model developed and validated in the US, showing a higher relative CBC
risk for DCIS compared with invasive BC (relative risk: 1.60, 95% confidence interval
(CN)=1.42-1.93)'81%. The reason for a potential higher CBC risk for DCIS patients is
still unclear, but might relate to the risk-reducing effect of adjuvant systemic therapy
among invasive BC patients®2°2". In general, relatively few DCIS patients receive adjuvant
systemic therapy. In addition, CBC risks may also differ based on the mode of detection
of the first BC. Previous research showed that screen-detected invasive breast tumours
have a better BC-specific survival than non-screened tumours and hence receive less
adjuvant systemic treatment®.

The aim of this study was to assess the risk of developing invasive CBC in DCIS patients
in direct comparison with patients diagnosed with invasive BC using a large population-
based cohort of Dutch BC patients, taking age, mode of first BC detection, and (neo)
adjuvant systemic therapy into account. In addition, we evaluated the CBC risk prediction
performance in patients diagnosed with DCIS.
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METHODS

Study population

We evaluated 323,285 patients diagnosed with in situ or invasive first BC in 1989-2017,
who underwent surgery, from the Netherlands Cancer Registry (NCR) (Supplementary
Figure 4). The NCR is an on-going nationwide population-based data registry of all
newly diagnosed cancer patients in the Netherlands, with full coverage since 1989%.
We excluded nine patients with first diagnosis without cytological or histological
confirmation, 5,785 with stage IV BC or with incomplete staging information, 66 with
squamous cell carcinoma, and 4,145 with in situ BC that was not pure DCIS (i.e. lobular,
other subtype, or mixed with ductal). Follow-up for all patients started three months
after the first diagnosis; therefore, 9,441 patients who had developed synchronous CBC
(invasive or in situ), invasive ipsilateral BC, or died within three months after the first
diagnosis were excluded.

Patient and tumour characteristics

Clinico-pathological data were provided by the NCR. After notification by the nationwide
network and registry of histo- and cytopathology in the Netherlands (PALGA) and the
national hospital discharge database, registration clerks of the NCR collect data directly
from patients’ records. Follow-up information on vital status and second cancers was
complete up to January 31, 2018.

Staging was coded according to the TNM Classification of Malignant Tumours using
the edition valid at the date of diagnosis, ranging from the 4" to the 8" edition?*. If
pathological stage was missing, clinical stage was used?.

Receptor status was determined by immunohistochemistry (IHC), and was included
in the NCR since 2005. Tumours were defined as estrogen receptor (ER) positive or
progesterone receptor (PR) positive when >10% of the tumour cells stained positive
(from 2011 the threshold was >10%). A tumour was defined human epidermal growth
factor receptor 2/neu-receptor (HER2) positive if IHC was 3+ (strong and complete
membranous expression in >10% of tumour cells) or if IHC score 2+ when additional
confirmation within situ hybridization was available, but considered unknown if in situ
hybridization confirmation was missing.

The NCR did not record information on BRCAT and BRCA2 germline mutation status and
family history.

From 2011, the NCR recorded the mode of first BC detection, i.e. if the DCIS or invasive
BC was screen-detected or not detected by screening. We did not have detailed
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information available on the tumours not detected by screening, but these may include
interval tumours, non-screen attendant, or screened outside the national program (e.g.
due to family history). According to the Dutch guidelines, mammographic follow-up is
similar for DCIS and invasive BC?.

Data used in this study were included in the NCR under an opt-out regime according to
Dutch legislation and codes of conduct?>. The NCR Privacy Review Board approved this
study under reference number K18.245. Data were handled in accordance with privacy
regulations for medical research?®.

Statistical analyses

The primary outcome was the development of metachronous CBC, defined as an invasive
BCin the contralateral breast diagnosed at least three months after the first BC diagnosis
(DCIS or invasive BQ). Follow-up started three months after the first BC diagnosis, and
ended at date of in situ- or invasive CBC, invasive ipsilateral BC, or last date of follow-up
(due to death, lost to follow-up, or end of study), whichever occurred first.

Cox proportional hazard models were performed to investigate the association of having
DCIS compared with invasive BC as primary diagnosis with the cause-specific hazard of
invasive CBC. We also performed analyses within situ CBC, invasive ipsilateral BC, and
death as the outcome. According to the Dutch guideline, DCIS patients do not receive
adjuvant systemic therapy. We evaluated the impact of adjuvant systemic therapy by
comparing the invasive CBC risk between DCIS patients and patients diagnosed with
stage | BC notreceiving adjuvant systemic therapy (no chemotherapy, endocrine therapy,
nor trastuzumab), i.e., a subgroup of patients that resembles as much as possible the
DCIS patient group in terms of treatment conditions. Since hazard ratios (HRs) based
on Cox regressions do not have a direct relationship with the cumulative incidence of
the event of interest, we also performed competing risks regression to estimate the
HRs for the subdistribution hazards of the Fine and Gray model?”28, In situ CBC, invasive
ipsilateral BC, and death were considered as competing risks. We performed both
univariable analyses and analyses adjusted for age- and year of first BC diagnosis. Since
1989, women in the Netherlands aged 50-70 have been invited for biannual screening
by mammography, which was extended to women aged 75 since 1998. Based on this, we
categorized age at first BC diagnosis into <50 years and =50 years. Based on the gradual
implementation of the Dutch BC screening, we categorized year at first BC diagnosis
into two periods: 1989-1998 (implementation phase) and 1999-2017 (full nationwide
coverage; attendance rate is 78.8%?° and detection rate of invasive BC 6.6 per 1000
in 20173%and for DCIS 0.94 per 1000 between 2004-2011°3"). We also performed our
analyses stratified by mode of first BC detection. These analyses only included patients
diagnosed during or after 2011 and aged 50-75 (eligible for screening).
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Cumulative incidence curves of invasive CBC for DCIS patients, all invasive BC patients,
and patients with stage | BC not receiving adjuvant systemic therapy were calculated
considering in situ CBC, invasive ipsilateral BC, and death as competing risks. These
curves were stratified by year of first BC diagnosis (1989-1998 and 1999-2017) and by
age (<50 and =50 years).

We used joint Cox proportional hazard models®? to investigate subtype-specific CBC
risk (according to stage, grade, ER, PR, and HER2 status) in DCIS patients compared
with patients with invasive BC and compared with patients with stage | BC who did not
receive adjuvant systemic therapy. Each model included subtype-specific CBC (e.g. ER
positive CBC, ER negative CBC, ER unknown CBC), in situ CBC, ipsilateral invasive BC,
and death as possible outcomes. Since the NCR actively registered receptor status from
2005, these analyses only included patients diagnosed between 2005-2017.

Multivariable Cox regression was used to quantify the effect of clinico-pathological
and treatment characteristics on CBC risk (all CBC and invasive CBC only) in DCIS
patients. In addition, multivariable Fine and Gray regressions were performed to assess
the association between every factor and the CBC cumulative incidence. Variables
included in the models were age at first DCIS diagnosis, tumour grade, type of surgery
(mastectomy or breast conserving surgery), and radiotherapy. The proportional hazard
assumption of the models was assessed by examining the Schoenfeld residuals, and
restricted cubic splines were used to verify whether linearity of age at first DCIS diagnosis
would hold®. The discrimination ability of the models to identify patients developing
CBC was calculated using the C-index?*. Missing data were multiply imputed by chained
equations (MICE) to avoid loss of information due to case-wise deletion causing bias and
reduction in efficiency >3, Multiple imputation accounts for missing data mechanisms
assuming that the probability of missingness depends on the observed data namely
missing at random (MAR). For every predictor with missing data, every imputation model
selects predictors based on correlation structure underlying the data. Details about the
imputation model are provided in Supplementary Methods.

Analyses were performed using STATA version 16.0, SAS (SAS Institute Inc., Cary, NC,
USA) version 9.4, and R software version 3.5.3.%7.

RESULTS

Patient characteristics
The cohort comprised 28,003 DCIS patients (CBC=1,334) and 275,836 patients with
invasive BC(CBC=12,821),including 86,481 patients with stage | BC not receiving adjuvant
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systemic therapy; i.e. no chemotherapy, endocrine therapy, nor trastuzumab (Table 1).
The percentage of patients diagnosed with DCIS, of all BC patients diagnosed in the
Netherlands, was 5.7% in the implementation phase of the mammography screening
program (1989-1998) and 10.5% in the period of full national coverage (1999-2017).
Median follow-up was 11.4 years.

Table 1. Patient-, tumour- and treatment characteristics of women diagnosed with ductal
carcinoma in situ or invasive breast cancer

Stage | BC without

beIs AN adjuvant systemic therapy?
N % N % N %
Characteristics 28,003 9.2 275,836 90.8 86,481 31.4
Diagnosis, year
median (range) 2009 (1989 - 2017) 2004 (1989 - 2017) 2004 (1989 - 2017)
Age, years
median (range) 59 (21 - 95) 59(18-102) 61 (18- 99)
TNM stage
0 28,003 100.0 - - - -
| - - 120,952 43.8 86,481 100.0
Il - - 124,883 453
1 - - 30,001 10.9
Tumour grade
I (well differentiated) 3,729 16.1 44,690 20.9 27,566 41.9
Il (moderately differentiated) 7,864 33.8 95,251 44.6 28,159 428
I (poorly/undifferentiated) 11,639 50.1 73,581 345 10,036 15.3
missing 4,771 - 62,314 - 20,720 -
ER status
positive - - 133,761 82.7 41,883 90.1
negative - 28,075 17.3 4,598 9.9
missing 28,003 - 114,000 - 40,000
HER2 status
positive - - 19,708 14.3 2,324 6.1
negative - 118,409 85.7 35,616 939
missing 28,003 - 137,719 - 48,541
PR status
positive - - 106,786 67.5 33,862 74.8
negative - 51,437 325 11,404 25.2
missing 28,003 - 117,613 - 41,215
(Neo)adjuvant chemotherapy
yes 17 0.1 91,844 333 - -
no 27,986 99.9 183,992 66.7 86,481 100.0
(Neo)adjuvant endocrine therapy
yes 102 0.4 119,394 433 - -
no 27,901 99.6 156,442 56.7 86,481 100.0
(Neo)adjuvant trastuzumab
yes 3 0.0 13,994 5.1 - -
no 28,000 100.0 261,842 94.9 86,481 100.0



Table 1. Continued

Stage | BC without

bCIS Allinvasive BC adjuvant systemic therapy?
N % N % N %
. 28,003 9.2 275,836 90.8 86,481 31.4
Characteristics
Surgery to the breast
breast conserving surgery 16,396 60.8 142,495 534 58,727 70.1
mastectomy 10,571 39.2 124,530 46.6 25,023 299
missing 1,036 - 881 - 2,731 -
Radiation to the breast
yes 13,128 46.9 182,226 66.1 59,354 70.1
no 14,875 53.1 93,610 339 27,127 31.4
Follow-up, years
median (IQR) 8.7(8.5-8.8) 11.8(11.7-11.8) 13.5(13.4-13.6)
Cumulative incidence of invasive
CBC, %
5-year (95%Cl) 24(22-26) 20(2.0-2.1) 29(2.8-3.0)
10-year (95%Cl) 48(4.6-52) 4.0(4.0-4.1) 5.6(54-538)
number of invasive CBC 1,334 12,821 5,782
Cumulative incidence of death, %
5-year (95%Cl) 3.8(3.6-4.0) 15.0(14.9-15.2) 7.8(7.6-8.0)
10-year (95%Cl) 9.8(9.4-10.2) 29.4(29.2 - 29.6) 19.2(18.9-19.5)
number of death 3,340 91,797 23,899
Cumulative incidence of ipsilateral
invasive BC %
5-year (95%Cl) 1.6(1.5-1.8) 0.1(0.1-0.1) 0.2(0.1-0.2)
10-year (95%Cl) 3.5(33-338) 0.3(0.2-0.3) 0.5(0.4-0.6)
number of ipsilateral invasive BC 920 1,471 897
Cumulative incidence of in situ CBC,
%
5-year (95%Cl) 1.0(1.0-1.1) 0.4(0.4-0.5) 0.6(0.6-0.7)
10-year (95%Cl) 1.6(1.5-1.8) 0.8(0.7-0.8) 1.1(.0-1.2)
number of in situ CBC 427 2,278 1,026

Abbreviations: DCIS = ductal carcinoma in situ; BC = breast cancer; ER = estrogen-receptor; PR = progesterone-
receptor; HER2 = human epidermal growth factor receptor 2; IQR = inter-quartile range; CBC = contralateral
breast cancer; Cl = confidence interval

2The 'stage | BC without adjuvant systemic therapy’ group is a subset of the ‘all invasive BC' group

CBC risk for patients diagnosed with DCIS and invasive BC

The 10-year cumulative incidence of invasive CBC was 4.8% (95%CI=4.6-5.2%) for DCIS
patients, 4.0% (95%CI=4.0-4.1%) for all invasive BC patients, and 5.6% (95%Cl=5.4-
5.8%) for patients with stage | BC not receiving adjuvant systemic therapy (Table 1,
Figure 1%). For comparison, the 10-year cumulative incidence of invasive CBC in patients
diagnosed with stage | invasive BC treated with adjuvant systemic therapy was 2.9%
(95%Cl=2.5-3.3%). Being diagnosed with DCIS was associated with an increased risk of
invasive CBC compared with invasive BC overall (HR=1.10, 95%CI=1.04-1.17), and with a
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lower risk when compared with stage | BC without adjuvant systemic therapy (HR=0.87,
95%ClI=0.82-0.92, Table 2). Similar results were observed when using competing risk
regression (Table 2).

0.12
— DCIS
~— Invasive BC

[0} — - Stage | BC without adjuvant- .
8 0.10 systemic therapy
(0]
]
©
£ 0.08
[
=
®
S 0.06
IS
>
o
O 004 —
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(@]
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0.00 — | | l [ | |

0 5 10 15 20 25
Time (years)

Figure 1. Cumulative incidences of invasive contralateral breast cancer (CBC) in patients diagnosed
with ductal carcinoma in situ (DCIS), invasive breast cancer (BC) stage I-lll, and stage | BC without
(neo)adjuvant systemic therapy

The x-axis represents the time since first BC diagnosis (in years) and the y-axis the cumulative CBC
incidence

Table 2. Relative subsequent contralateral breast cancer risks (invasive and in situ) after diagnosis
with ductal carcinoma in situ versus invasive breast cancer using Cox and competing risk regression

Cox regression Competing risks regression
Outcome(s) Type of first BC Unadjusted Adjusted? Unadjusted Adjusted?
HR (95% Cl) HR (95% Cl) HR (95% Cl) HR" (95% Cl)
DCIS vs invasive BC 1.08 (1.01-1.14) 1.10(1.04-1.17) 1.22(1.15-1.28) 1.20(1.14-1.27)

Invasive CBC  DCIS vs stage | BC without
adjuvant systemic therapy
DCIS vs invasive BC 1.92(1.72-2.13) 1.84(1.66-2.04) 2.12(1.92-2.38) 1.98(1.79-2.20)

Insitu CBC  DCIS vs stage | BC without
adjuvant systemic therapy

0.87(0.82-0.92) 0.87 (0.82-0.92) 0.88(0.83-0.94) 0.87 (0.82-0.93)

1.49(1.33-1.67) 1.38(1.22-1.55) 1.54(1.37-1.72) 1.40(1.25-1.58)

Abbreviations: HR = hazard ratio; Cl = confidence interval; CBC = contralateral breast cancer; BC = breast
cancer; DCIS = ductal carcinoma in situ

“Hazard ratios adjusted by age and year at first diagnosis

“Hazard ratios for the subdistribution hazards of the Fine and Gray model. Invasive CBC, in situ CBC, invasive
ipsilateral BC, and death were taken into account as competing risks
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In sensitivity analyses using different time cut-offs for metachronous CBC, results were
similar. The HR for invasive CBC developed at least six months after the first BC was
1.10 (95%CI=1.04-1.17) for DCIS compared with invasive BC, and the HR was 1.09
(95%CI=1.03-1.16) using a 12-month cut-off.

The cumulative incidence of in situ CBC, death, and invasive ipsilateral BC are shown in
Supplementary Figures 1-3%. The 10-year cumulative incidence of in situ CBC was 1.6%
(95%CI=1.5-1.8%) for DCIS patients, 0.8% (95%CI=0.7-0.8%) for invasive BC patients,
and 1.1% (95%CI=1.0-1.2%) for patients with stage | BC without adjuvant systemic
therapy (Table 1). The risk of death was lower in DCIS patients compared to invasive BC
patients (HR=0.47, 95%CI=0.45-0.49, Supplementary Table 1).

Results by age and screening (period)

Among patients who had their first BC diagnosis during the implementation phase of
the national screening program (1989-1998), the risk of invasive CBC was similar in
DCIS patients compared with invasive BC patients (HR=0.93, 95%Cl= 0.85-1.03, Table
3, Figure 2A-C*). In the period of full nationwide coverage of the screening program
(1999-2017), the risk of invasive CBC was higher for DCIS patients than for invasive
BC patients (HR=1.19, 95%CI=1.10-1.27, Table 3, Figure 2B-D*). The risk of invasive
CBC was lower in DCIS patients compared with patients with stage | BC not receiving
adjuvant systemic therapy in both periods (1989-1998: HR=0.90; 95%CI= 0.81-1.00, and
1999-2017: HR=0.85, 95% Cl: 0.79-0.91). The effects were similar stratified by age group
(<50 and >50 years) (Table 3). The estimated 5- and 10-year cumulative incidences by
age and period are shown in Supplementary Table 2.

In a subgroup of patients diagnosed during or after 2011, with information available
on the mode of first BC detection, the HR of invasive CBC was 1.53 (95%CI=1.29-1.82)
for DCIS patients compared with invasive BC patients, and 0.86 (95%CI=0.71-1.03)
compared with patients with stage | BC without adjuvant systemic therapy (Table 4).
Among all screen-detected first BCs, the HR of invasive CBC was 1.38 (95%CI=1.35-
1.68) for DCIS patients compared with invasive BC patients and 0.81 (95%CI=0.66-1.00)
compared with stage | BC without adjuvant systemic therapy (Table 4). When the first BC
was not detected by screening, the HR of invasive CBC was 2.14 (95%CI=1.46-3.13) for
DCIS patients compared to invasive BC patients and 1.04 (95%CI=0.68-1.59) compared
with stage | BC without adjuvant systemic therapy (Table 4). The risk of death in patients
with DCIS compared with invasive BC and stage | BC without adjuvant systemic therapy
among screen-detected and not screen-detected is shown in Supplementary Table 3.
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Figure 2. Cumulative incidences of invasive contralateral breast cancer (CBC) in patients diagnosed
with ductal carcinoma in situ (DCIS), invasive breast cancer (BC) stage I-Ill, or stage | BC without
(neo)adjuvant systemic therapy

Panel A) patients aged <50 years diagnosed between 1989-1998 (implementation phase Dutch
mammography screening program); Panel B) patients aged <50 years diagnosed between 1999-
2017 (full national coverage of the Dutch mammography screening program); Panel C) patients
aged >50 years diagnosed between 1989-1998; Panel D) patients aged =50 years diagnosed
between 1999-2017. The x-axis represents the time since first BC diagnosis (in years) and the
y-axis the cumulative CBC incidence

Multivariable model

In the multivariable model, no strong predictors of CBC were identified in DCIS patients
(Table 5). The C-index of the multivariable model of invasive CBC was 0.52 (standard
deviation (SD=0.01) for cause-specific Cox regression; when we considered all CBC (in
situ and invasive) the C-index was 0.51 (SD=0.01) (Table 5). When we performed the
analyses in a subgroup of patients diagnosed during or after 2011, the C-index was 0.55
(SD=0.01) without information on the mode of first BC detection, and 0.56 (SD=0.01)
with information available on the mode of first BC detection (data not shown).
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-1.09

95% Cl
0.63-0.81
0.98-1.32

0.057¢

0.96-1.32
0.526 (0.01)

0.85-1.16
0.81

HR?
0.71¢
0.99
0.94
113
1.14

Competing risk regression

Invasive and in situ CBC
-1.09

95% Cl
0.87-1.00
0.97-1.30

0.068

0.92-1.26
0.513(0.01)

0.85-1.16
0.81

Cox regression

0.93°
0.99
0.94
1.08
112

HR
breast conservative surgery; SD = standard deviation

95% Cl
0.69-0.89

0.94-1.33

0.044¢

0.83-1.21
0.515(0.01)

0.79-1.12
0.77 - 1.11

Competing risk
regression

HR?
0.78¢
0.94
0.93
1.00

112

Invasive CBC

0.94-1.32

0.051

0.520 (0.01)
hazard ratio; Cl = confidence interval; BCS

95% ClI
0.93-1.10
0.78-1.12
0.76-1.10
0.80-1.16

Cox regression

HR
1.01°
0.92
0.96
1.1

0.93

Outcome
Moderately differentiated versus well differentiated
Poorly differentiated versus well differentiated

Table 5. Relative risks of invasive and in situ contralateral breast cancer after diagnosis with ductal carcinoma in situ using multivariable Cox and
Surgery (Mastectomy versus BCS)

competing risk regression models

4 The baseline failure-free probability function is calculated for baseline values of the predictors included in the multivariable models
¢Baseline failure-free probability function for the subdistribution hazard of the Fine and Gray model

#Hazard ratios for the subdistribution hazards of the Fine and Gray model

bparameterized per decade
¢ parameterized as a restricted cubic spline with three knots

Baseline failure-free probability at 10 years?
Abbreviations: CBC = contralateral breast cancer; HR

Radiotherapy to the breast (yes versus no)
C-index (SD)

Age (years)
Tumour grade

Subtype-specific CBC risk

DCIS patients had a lower risk of stage IV CBC (HR=0.45, 95%CI=0.22-0.92), and higher
risks of grade | invasive CBC (HR=1.55, 95%CI=1.31-1.84) and ER-positive invasive CBC
(HR=1.49, 95%CI=1.33-1.66) compared with all invasive BC patients (Supplementary Table
4). Overall, the subtype-specific CBC risk in DCIS patients was comparable to patients with
stage | BC not receiving adjuvant systemic therapy (Supplementary Table 4).

DISCUSSION

In this large population-based study, the 10-year cumulative incidence of invasive CBC
was 4.8% for DCIS patients. The risk of developing invasive CBC was lower for DCIS
patients compared with stage | BC patients not receiving adjuvant systemic therapy
(HR=0.87), but the risk was slightly higher compared with all invasive BC patients
(HR=1.10). A multivariable model, based on the clinical information currently available,
was unable to differentiate risks of invasive CBC among DCIS patients.

The slightly higher invasive CBC risk in DCIS patients compared with all invasive BC
patients may be explained by the risk-reducing effect of adjuvant systemic therapy
among invasive BC patients®?%2". In our previous study using NCR data® we showed
that adjuvant endocrine therapy, chemotherapy, and trastuzumab combined with
chemotherapy were associated with overall 54%, 30%, and 43% risk reductions of CBC,
respectively. In our study, a large group (57%) of patients with invasive BC received (neo)
adjuvant systemic therapy. According to the Dutch guidelines, DCIS patients are not
offered treatment with adjuvant systemic therapy?®. The potential influence of adjuvant
systemic therapy is supported by the CBC risk evaluation in patients diagnosed with
stage | BC not receiving adjuvant systemic therapy, showing a higher CBC risk in such
patients than in patients diagnosed with DCIS.

To our knowledge, only one previous study in the US investigated the risk of CBC in
patients with DCIS in direct comparison with patients diagnosed with invasive BC using
SEER data'’. They found a similar CBC risk (including in situ and invasive) for invasive
ductal BC in comparison with DCIS, with a relative risk of 0.98 (95%Cl= 0.90-1.06).
However, that analysis was based on an earlier, largely pre-screening, period (1973-
1996), and lacked information on adjuvant systemic therapy use. Previous studies
examining cohorts of DCIS patients have reported a subsequent annual invasive CBC
risk of 0.4 to 0.6%'>'>'6, comparable to our finding.

When analyses were restricted to patients with information available on the mode of
first BC detection, trends were similar overall. However, the higher CBC risk for DCIS

CBC RISKIN PATIENTS WITH DUCTAL CARCINOMA IN SITU AND INVASIVE BREAST CANCER | 147



patients compared with invasive BC was more pronounced within the not screen-
detected BC group compared with the screen-detected BC group. Tumours not detected
by screening could be interval tumours or those arising in women not attending for
screening. Certainly, invasive interval tumours tend to be more aggressive than screen-
detected BCs and hence receive more often adjuvant systemic treatment?.

We observed that the invasive CBCs developed within the DCIS group were less
aggressive than the invasive CBCs developed after invasive first BC, i.e. more ER-positive,
and lower tumour stage and grade. This may be explained by underlying etiological
factors and/or be related to the use of adjuvant systemic therapy among invasive BC
patients. Studies have shown that adjuvant systemic therapy influences subtype-specific
CBCrisk, e.g. endocrine therapy strongly reduces the risk of developing ER-positive CBC,
but not ER-negative CBC5?'. This is supported by our subgroup analyses in patients with
stage | BC not receiving adjuvant systemic therapy, who tended to develop similar CBC
subtypes compared with DCIS patients.

The main strength of this study was the use of a large population-based nationwide
cohort of DCIS and invasive BC patients, with complete follow-up on CBC over a long
period. The NCR did not have follow-up information on distant metastases for all years
included and therefore we could not take distant metastasis as a competing event into
account. However, in the years where we had information on distant metastases (2003-
2006), the median survival was 1.1 years and the 5-year overall survival after distant
metastasis was fairly poor (6%). This indicates that death could be used as a proxy
for distant metastasis. Since we had complete information on death (as a competing
event), we do not expect that the lack of information on distant metastases has led
to an underestimation of the CBC risk. We also did not have information available
about contralateral prophylactic mastectomy (CPM), which may have resulted in an
underestimation of the CBC risk and may not have had equal uptake in all groups.
According to Dutch guidelines % only women carrying a BRCAT or BRCA2 germline
mutation are advised to undergo a contralateral preventive mastectomy, since
their CBC risk is high with an estimated 10-year risk of ~10-20%%4° Unfortunately,
information about BRCAT and BRCA2 mutation was lacking. However, we do not expect
that this missing information importantly influenced the results since only 1-2% of the
DCIS population!, and 3-5% of the invasive BC population®#? will be BRCAT or BRCA2
mutation carriers. Finally, less than 1% of the DCIS patients were not treated according
to the Dutch guideline since they received adjuvant chemotherapy, endocrine therapy,
and/or trastuzumab. However, since this number is low, we do not expect that this
affected our results.

Despite low CBC risks, the use of CPM has increased in recent years, both in patients
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diagnosed with invasive BC and in patients diagnosed with DCIS, especially in the
US™“. Therefore, a need of individualized CBC risk prediction may be as important
for patients diagnosed with DCIS as for patients with invasive BC. Currently, CBC risk
prediction models have been developed and validated for patients with invasive BC, but
these models may not be appropriate for DCIS patients since most of the information
available for invasive BC is not routinely collected in DCIS'®194445 In our study, we had
limited information on biological characteristics of DCIS, e.g. no information on receptor
subtypes, and our multivariable model was therefore unable to differentiate CBC risk
among DCIS patients. So, based on the clinical information currently available, CBC
risk prediction in DCIS patients is insufficiently robust to be clinically actionable. More
biological knowledge is needed to improve CBC prediction in DCIS patients.

Based on the results of this study we do not suggest starting treating DCIS patients with
adjuvant systemic therapy to prevent CBC since the absolute invasive CBC risk is low.
To facilitate patients and physicians in decision making, a comprehensive risk prediction
model specifically developed for patients with DCIS would be desirable, including
information on genetic, clinical, and lifestyle factors.
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SUPPLEMENTARY MATERIAL

Supplementary Methods

Multiple imputation of missing values

The predictors for contralateral breast cancer with missing values among patients
diagnosed with ductal carcinoma in situ (DCIS) were type of surgery to the breast
(3.7%) and tumour grade (17.0%). We used five imputed datasets based on the multiple
imputation chained equations (MICE) using 50 iterations. The visit sequence of the
variables was in ascending order of the number of missing values. This technique
improves the accuracy and the statistical power assuming missing is at random (MAR)
[1]. In the imputation procedure, we also used the year of DCIS diagnosis since this
information provides a better correlation structure among covariates used as predictors
in the imputation model. Continuous, binary and multiple categorical variables were
imputed using predictive mean matching, binary and multinomial logistic regression,
respectively. Time-to-event outcome defined as time to contralateral breast cancer,
time to death, and time to ipsilateral breast cancer were included in the imputation
process through the Nelson-Aalen cumulative hazard estimator[2]. For every variable
with missing data, every imputation model selects predictors based on correlation
structure underlying the data. We used the R package mice (version 3.6.0) to impute our
data and combine the estimates using Rubin’s rules.

Supplementary Table 1. Relative subsequent risks of death and invasive ipsilateral breast cancer
after diagnosis with ductal carcinoma in situ versus invasive breast cancer using Cox and competing
risks regression

Cox regression Competing risks regression
Outcome(s) Type of first BC Unadjusted Adjusted? Unadjusted Adjusted?
HR (95% Cl) HR (95% ClI) HR® (95% Cl) HR® (95% Cl)
DCIS vs invasive BC 0.37(0.36-0.38)  0.47(0.45-0.49) 0.36(0.35-0.37) 0.45(0.44-0.47)
Death DCIS vs stage | BC
without adjuvant 0.56 (0.54-0.58)  0.71(0.69-0.74)  0.53(0.51-0.55) 0.68 (0.66-0.71)

systemic therapy
DCIS vs invasive BC 6.67 (6.25-7.14)  6.68 (6.15-7.26)  7.69(7.14-9.09) 7.79(7.17-8.47)
DCIS vs stage | BC
without adjuvant 4.17(3.85-454) 4.05(3.68-445) 4.35(4.00-4.76) 4.28(3.90-4.71)
systemic therapy

Invasive IBC

Abbreviations: HR = hazard ratio; Cl = confidence interval; DCIS = ductal carcinoma in situ; BC = breast cancer;
IBC = ipsilateral breast cancer

*Hazard ratios adjusted by age and year at first breast cancer diagnosis

bHazard ratios for the subdistribution hazards of the Fine and Gray model. Invasive contralateral breast cancer,
in situ contralateral breast cancer, invasive ipsilateral BC, and death were taken into account as competing risks
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Supplementary Table 2. Cumulative incidence of invasive contralateral breast cancer at five and ten years in patients with ductal carcinoma in situ or

invasive breast cancer by period and age at first diagnosis
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DCIS
Vs
Stage | BC without
adjuvant systemic
therapy
HR (95%Cl)
0.74(0.65 - 0.83)
1.04(0.86 - 1.26)
1.26(0.86 - 1.86)
0.72(0.33-1.58)
0.72 (0.60 - 0.86)
0.91(0.79 - 1.06)
0.93(0.73-1.18)
0.81(0.72-0.91)
1.12(0.81 - 1.56)

DCIS
'S

Invasive BC

HR (95%Cl)
1.35(1.20-1.52)
1.50(1.26-1.79)
1.46 (1.04 - 2.05)
0.45(0.22-0.92)
1.55(1.31-1.84)
1.57 (1.37 - 1.80)
1.13(0.91 - 1.40)
1.49(1.33-1.66)
0.90(0.69 - 1.19)

Stage | BC
without
adjuvant
systemic
therapy
N
1,084
342
78
29
518
652
251
1,151
114

All
Invasive
BC
N
1,957
782
220
143
797
1,253
675
2,081
471

DCIS
N
330
146
40
8
154
245
95
386
53

Il (moderately differentiated)
Il (poorly/undifferentiated)

I (well differentiated)
ER status

positive
negative
PR status

CBC subtypes
Il
M
I\

Tumor grade

TNM stage

Supplementary Table 4. Joint Cox regression analyses assessing subtype-specific invasive
contralateral breast cancer risk for patients with ductal carcinoma in situ compared to patients

with invasive breast cancer®

0.80(0.71-0.91)
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= estrogen receptor; PR = progesterone receptor; HER2 =

hazard ratio; Cl = confidence interval; ER

epidermal growth factor receptor 2

2 The analyses were performed only in patients diagnosed between 2005-2017, since from 2005 the

Netherlands Cancer Registry actively registered receptor status
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Supplementary Figure 1. Cumulative incidence of in situ contralateral breast cancer in patients
diagnosed with ductal carcinoma in situ, invasive breast cancer stage I-1ll, and stage | breast cancer
without (neo)adjuvant systemic therapy

The x-axis represents the time since the first breast cancer diagnosis (in years). The y-axis
represents the cumulative incidence of in situ contralateral breast cancer. Abbreviations: DCIS =
ductal carcinoma in situ; BC = breast cancer
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Supplementary Figure 2. Cumulative incidence of death in patients diagnosed with ductal
carcinoma in situ, invasive breast cancer stage I-Ill, and stage | breast cancer without (neo)adjuvant
systemic therapy

The x-axis represents the time since the first breast cancer diagnosis (in years). The y-axis
represents the cumulative incidence of death. Abbreviations: DCIS = ductal carcinoma in situ; BC
= breast cancer
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Supplementary Figure 3. Cumulative incidence of invasive ipsilateral breast cancer in patients
diagnosed with ductal carcinoma in situ, invasive breast cancer stage I-1ll, and stage | breast cancer
without (neo)adjuvant systemic therapy

The x-axis represents the time since the first breast cancer diagnosis (in years). The y-axis
represents the cumulative incidence of invasive ipsilateral breast cancer. Abbreviations: DCIS =
ductal carcinoma in situ; BC = breast cancer
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SUPPLEMENTARY REFERENCES

The Netherlands Cancer Registry that
includes all primary tumors diagnosed

since 1989 1. Van Buuren, S., Flexible imputation of missing data. Second ed. 2018: Chapman and Hall/CRC.
Inclusion criteria: . . o )
- Females aged > 18 years 2. White, I.R. and P. Royston, Imputing missing covariate values for the Cox model. Stat Med, 2009. 28(15): p.
- Invasive breast cancer or breast cancer in-situ 1982-98.

- Diagnosed between 1989-2017

- Surgically treated in Dutch hospital

- No prior mnvasive cancer (other than non-
melanoma skin cancer or in situ tumors)

N=323,285

Patients excluded (N=19,446)

N=9 First breast cancer diagnosis
without cytological or
histological confirmation

N=5.785 Stage TV or unknown

N=66 Squamous cell carcinoma

N=4.145 No pure DCIS

N=9.441 Patients died. developed
ipsilateral breast cancer
(invasive). or CBC (invasive or
in situ) within 3 months after
first breast cancer diagnosis

Patients included in

analyses
N=1303,839
\
First DCIS First invasive breast cancer
N =128,003 N =1275,836
CBC in situ CBC invasive CBC in situ CBC invasive
N =427 N=1334 N=27272 N=12821

Supplementary Figure 4. Study flowchart
Abbreviations: DCIS = ductal carcinoma in situ; CBC = contralateral breast cancer
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ABSTRACT

Risk prediction models need thorough validation to assess their performance.
Validation of models for survival outcomes poses challenges due to the censoring of
observations and the varying time horizon at which predictions can be made. We aim to
give a description of measures to evaluate predictions and the potential improvement
in decision making from survival models based on Cox proportional hazards regression.
As a motivating case study, we consider the prediction of the composite outcome of
recurrence and death (the ‘event)) in breast cancer patients following surgery. We develop
a Cox regression model with three predictors as in the Nottingham Prognostic Index
in 2982 women (1275 events within 5 years of follow-up) and externally validate this
model in 686 women (285 events within 5 years). The improvement in performance was
assessed following the addition of circulating progesterone as a prognostic biomarker.

The model predictions can be evaluated across the full range of observed follow up
times or for the event occurring by a fixed time horizon of interest. We first discuss
recommended statistical measures that evaluate model performance in terms of
discrimination, calibration, or overall performance. Further, we evaluate the potential
clinical utility of the model to support clinical decision making. SAS and R code is
provided to illustrate apparent, internal, and external validation, both for the three-
predictor model and when adding progesterone.

We recommend the proposed set of performance measures for transparent reporting
of the validity of predictions from survival models.

Key words: Cox regression model; survival analysis; validation; discrimination;
calibration; decision analysis; STRATOS Initiative
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INTRODUCTION

Prediction models for survival outcomes are important for clinicians who wish to
estimate a patient’s risk (i.e. probability) of experiencing a future outcome. The term
‘survival' outcome is used to indicate any prognostic or time-to-event outcome, such as
death, progression, or recurrence of disease. Such risk estimates for future events can
support shared decision making for interventions in high-risk patients, help manage the
expectations of patients, or stratify patients by disease severity for inclusion in trials.’
For example, a prediction model for persistent pain after breast cancer surgery might
be used to identify high risk patients for intervention studies.?

Once a prediction model has been developed itis common to first assess its performance
for the underlying population. This is referred to as internal validation, which can be
performed using the dataset on which the model was developed, for example by cross-
validation or bootstrapping techniques.? External validation refers to performance in a
plausibly related population, which requires an independent dataset which may differ
in setting, time or place.*>

Ample guidance exists for assessing the performance of prediction models for binary
outcomes, where the logistic regression model is most commonly used for model
development.®® Validation of a survival model poses more of a challenge due to the
censoring of observation times when a patient's outcome is undetermined during the
study period. If assessing 5-year survival, for instance, some subjects may have less than
5 years of follow-up without experiencing the event of interest.> Moreover, predictions
can be evaluated over the entire range of observed follow up times or for the event
occurring by a fixed time horizon of interest. The international STRengthening Analytical
Thinking for Observational Studies (STRATOS) initiative (http:/stratos-initiative.org)
began in 2013 and aims to provide accessible and accurate guidance documents for

relevant topics in the design and analysis of observational studies.®

This STRATOS article aims to provide guidance for assessing discrimination, calibration,
and clinical usefulness for survival models, building on the methodological literature for
survival model evaluation.”'? For illustration, we consider the performance of a Cox
model to predict recurrence free survival (i.e. being alive and without breast cancer
recurrence) at 5 years in breast cancer patients. We also describe how to assess the
improvement in predictive ability and decision-making when adding a prognostic
biomarker.
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METHODS AND RESULTS

In the following, we discuss three key issues for the evaluation of predictions from survival
prediction models. We then describe our breast cancer case study, present how we can
predict survival outcomes with the Cox proportional hazards model, perform validation of
predictions, and assess the potential clinical usefulness of a prediction model.

Key issues when validating a survival model

Three major issues differentiate the validation of survival models from models for binary
outcomes. First, we need to decide on a time point or time range over which to assess
the validation. This choice needs to be grounded in both the available data and the
intended practical use of the model predictions. Altman considers a case where a model
will be used for individual risk stratification in advanced pancreatic cancer patients.’” In
such a case a quite short time horizon is indicated of e.g. 18 months. Other situations
with longer follow-up might use 3, 5, 10, or even 20 years.

A second issue is whether to consider prediction only up to a fixed time point or over
an entire range of follow-up. In our case study we focus on 5 years from enrollment as
the upper limit. For a cutoff of 5 years, we need to decide if only the binary outcome
of whether the event occurred before or after 5 years is of interest, or also the ability
to distinguish between survival of 1 and 4 years, for instance. We will give measures of
performance for both settings.

A last technical issue is that estimation of the baseline survival Se(t) from the Cox model
is necessary for full validation of a prediction model. However, many published reports
do not provide this function (see Box 1 for further details)."®

Description of the case study

We analysed data from patients who had primary surgery for breast cancer between
1978 and 1993 in Rotterdam.'*'> Patients were followed until 2007. After exclusions,
2982 patients were included in the model development cohort (Table 1). The outcome
was recurrence-free survival, defined as time from primary surgery to recurrence or
death. Over the maximum follow-up time of 19.3 years, 1,713 events occurred, and
the estimated median potential follow-up time, calculated using the reverse Kaplan-
Meier method, was 9.3 years.'® Out of 2,982 patients, 1,275 suffered a recurrence or
death within the follow-up time of interest, which was 5 years, and 126 were censored
before 5 years. An external validation cohort consisted of 686 patients with primary
node positive breast cancer from the German Breast Cancer Study Group,'” where 285
suffered a recurrence or died within 5 years of follow-up, and 280 were censored before
5 years. Five-year predictions were chosen as that was the lowest median survival from
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the two cohorts (Rotterdam cohort, 6.7 years; German cohort, 4.9 years).

Prediction of survival outcomes

The Cox proportional hazards modelis astandard for analysing survival datain biomedical
settings'® A Cox model estimates log hazard ratios, but for prediction, estimation of the
baseline survival is also required. Both are needed for a full assessment of performance
of a survival model in new patients (external validation, Box 1).

Box 1. The Cox proportional hazards model to make predictions for new patients

Hazard ratios express how baseline patient characteristics (or predictors) are associated with the
hazard rate, that is the instantaneous rate of the event occurring at time ¢, having survived until
time t. Mathematically, the Cox model for the hazard rate, h(t), is

h(t) = ho(t) exp(Bixi+ Baxa+ Bsxs+ - + PoXp) = ho(t)exp(PI),

where the S's are regression coefficients for the p predictors x; to X, (e.g., the patient's age,
disease stage, comorbidity). These regression coefficients are the log of the hazard ratios. The
prognostic index, Pl, represents the sum of the regression coefficients multiplied by the value
of their respective predictors. The Cox model assumes that hazards for different values of a
predictor are proportional during follow-up. For example, if the hazard of the event for patient A
is half that of patient B at time t, the hazard ratio of 0.5 holds for these two patients at any other
time point.

The baseline hazard function h(t) is the same for all patients analogous to the intercept in linear
or logistic regression models. If the primary focus of an analysis is relative risk estimation, the Cox
model can be used to obtain hazard ratios without worrying about baseline hazard estimation.
For estimating the risk that a patient experiences the event, i.e. absolute risk estimation, we
require the baseline survival function So(t) which is the predicted risk of survival for the patient
whose predictor values are the reference categories (for categorical predictors) or zero/the mean
(for continuous predictors). By integrating the hazard function from time 0 to t we obtain the
cumulative hazard function, , where ho(t) is the baseline cumulative hazard function. Hy(t) is then
used to estimate the probability of survival up to time t, i.e. not experiencing the event up to
time t:

S(t) = So(t)eXP (/31X1+52Xz+/;3X3+---*'ﬁPXP) = So(t)eXP(PI)

where H(t) = Ho(t)exp(P/), the baseline survival at time t (e.g., t = 5 years after surgery). The absolute
risk of an event within t years is calculated as 1 - S(t). The baseline hazard of a Cox model is often
estimated non-parametrically in contrast to parametric survival models such as the accelerated
failure time model.

Estimates of absolute risk are necessary for many of the performance measures discussed
below. A model development study hence needs to have reported the baseline hazard function
or baseline survival function, or at least survival at the time point of interest, and a specification of
calculation of the PI. This is analogous to a logistic regression model to predict a binary outcome,
which additionally needs reporting of a model intercept rather than only odds ratios.

ASSESSING PERFORMANCE AND CLINICAL USEFULNESS IN PREDICTION MODELS WITH SURVIVAL OUTCOMES | 167



Table 1: Characteristics of the breast cancer cohorts used for model development and external
validation' 17

Characteristic Development cohort Validation cohort
(n=2982, 1275 events (n=686, 285 events
<5 years) <5 years)

Size (mm) <20 1387 (46.5) 180 (26.2)

21-50 1291 (43.3) 453 (66.0)
>50 304 (10.2) 53(7.7)
Number of Nodes 0 1436 (48.2) 0(0.0)
1to3 764 (25.6) 376 (54.8)
>3 782 (26.2) 310(45.2)

Grade of Tumour Tor2 794 (26.6) 525(76.5)

3 2188 (73.4) 161 (23.5)

Age (years: median (IQR)) 54 (45 to 65) 53 (46to61)

Circulating progesterone (PGR, ng/mL: median (IQR)) 41 (4 to 198) 33(7t0132)

Numbers (%) unless otherwise stated

Model development in the case study

A Cox regression model was fit to estimate recurrence free survival using three
predictors: number of lymph nodes (0, 1-3, >3), tumour size (<20mm, 21-50mm, >50mm)
and pathological grade (1, 2, 3, see Table 2). Although we emphasize that it is generally
poor practice to categorise continuous variables, tumour size was not available in
continuous form in the dataset, and number of lymph nodes was categorised to match
its form in the well-known Nottingham Prognostic Index.'?° Since we were interested in
predictons up to 5 years, we applied administrative censoring at 5 years. The Cox model
assumes that hazards for different values of a predictor are proportional during follow-
up. While found some evidence of non-proportional hazards (p<0.001, Grambsch and
Therneau global test), we chose to ignore this violation here since it was relatively minor
at graphical inspection. Furthermore, predictions made at the time of administrative
censoring (5 years here) have been shown to be robust regardless of such violations.?'
The formula for the prognostic index was estimated as follows:

PI = 0.383 X 1(if size is 21 — 50mm) + 0.664 x 1(if size is > 50) + 0.360

X 1(if 1to 3 nodes) + 1.063 X 1(if nodes > 3) + 0.375 x 1(if grade = 3)

The probability of experiencing the event within 5 years can be calculated as:
1-55) = 1- SO(S)EXD (PD) = 1 — .802exp(PD

The baseline survival at 5 years (0.802) applies to the reference categories for the three
predictors in the model (see R and SAS code in https://github.com/danielegiardiello/

Table 2: Cox regression models predicting event free survival in Rotterdam breast cancer
development dataset (n=2982), without and with PGR

Prediction_performance_survival). So, a woman with a tumor size <=20mm, no nodes,
and grade<3, has an estimated risk of 1 - 0.802" = 19.8% of recurrence or breast cancer
mortality within 5 years.
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Without PGR With PGR
Hazard ratio Hazard ratio
(95% ClI) (95% CI)
Size (mm)
<20 1 1
21-50 1.47(1.29to 1.67) 1.44(1.26to0 1.63)
>50 1.94(1.62 t0 2.32) 1.90 (1.59 to 2.27)
Number of nodes
0 1 1
1t03 1.43 (1.24 o 1.66) 1.46 (1.26 to 1.70)
>3 2.89(2.52 to 3.32) 2.88(2.51 to 3.31)
Tumour grade
Tor2 1 1
3 1.46 (1.27 t0 1.67) 1.37(1.19to 1.58)
POR (ng/m 1.46° (127 0 1.68)
PGR1®

PI = 0.383 x 1(if size is 21 — 50mm) + 0.664 X 1(if size is > 50) + 0.360
X 1(if 1 to 3 nodes) + 1.063 x 1(if nodes > 3) + 0.375 x 1(if grade = 3)
The survival at 5 years can be calculated as:
S(5) = 0.802exP(PD
For model with PGR:
PI = 0.362 X 1(if size is 21 — 50mm) + 0.641 x 1(if size is > 50) + 0.381
X 1(if 1 to 3 nodes) + 1.059 X 1(if nodes > 3) + 0.317 x 1(if grade = 3)
—0.003 X PGR + 0.013 X PGR1

- 3 a3
)3 (41><mux((PifB‘1“),o) 486 xmax(FE4 ) )

6181 '

PGR
6181’

where PGR1 = max (
445

The survival at 5 years can be calculated as:
S(5) = 0.759e¥p(PD)

“Since PGR was fitted as a restricted cubic spline function, it is presented as an interquartile HR to aid interpretation
i.e. the hazard of mortality for the 25" percentile value (i.e. PGR=4 ng/ml) versus the hazard of mortality for the
75% percentile value (198 ng/ml).

Measures of performance

Model performance was assessed in the development dataset (apparent validation) and
in the German dataset (external validation). Internal validation was assessed using the
bootstrap resampling approach which provides stable estimates of performance for the
population where the sample originated from. The difference between the apparent
performance and the internal performance represents the “optimism” in performance
of the original model (see Appendix 1 for further details).

Discrimination
A first question is how well the model predictions separate high from low risk patients:
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discriminative ability. Patients with an earlier event time should exhibit a higher risk and
those with later event time a lower risk.

Fixed time point discrimination

Measures that assess the prediction by a fixed time point are the similar to those for
binomial outcomes. A primary issue that arises, however, is censoring in the validation
data set. If we choose an evaluation time of 5 years, for instance, how are subjects
who are censored before 5 years in the validation set to be assessed? For these we
have a predicted risk at 5 years from the model, but do not have an observed value
of the outcome at 5 years. One approach is to use inverse probability of censoring
weights (IPCW), to reassign the case weights of those censored to other observations
with longer follow up (see Table S1).

Uno applies such inverse weights, and this is our recommended method for assessing
discrimination at a fixed time point, though many others exist.?*2? |t assesses all pairs
of patients where one experiences the event before the chosen time point and the
other remains event free up to that time and calculates the proportion of those pairs
for which the first mentioned patient has highest estimated risk (Table S2). Uno's IPCW
approach for 5 year prediction was 0.71 [95% Cl 0.69 to 0.73] at model development
(apparent validation). Internal validation suggested no statistical optimism (remained
0.71 using 500 bootstrap samples), while external validation showed a slightly poorer
performance (0.69 [95% Cl 0.63 to 0.75], Table 3).

Time range discrimination

Harrell's concordance index (C) is commonly used to assess global performance.? It is
calculated as a fraction where the denominator is the number of all possible pairs of
patients in which one patient experiences the event first and the other later. Harrell's C
quantifies the degree of concordance as the proportion of such pairs where the patient
with a longer survival time has better predicted survival (lower Pl). Using our time range
of 0 to 5 years, Harrell's C was 0.67 [95% Cl 0.66 to 0.69] at apparent validation. Again,
no optimism was noted (C=0.67) and a slightly lower performance at external validation
(C=0.65[95% Cl 0.62 to 0.69]). Uno's C uses a time dependent weighting that more fully
adjusts for censoring (more details in appendix 2).2°> Uno's C was also 0.67 [95% Cl 0.66
to 0.69] at apparent validation, 0.67 at internal validation and 0.64 [95% CI 0.60 to 0.68]
for external validation in our case study.
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0.0050

0.3666-0.3616
average predicted risk at 5

0

03616 -0.3616
Kaplan-Meier at 5 years; AvgP

=0.0049 0.2739-0.2625=10.0114

0.2674-0.2625

number of observed events over 5 years; E

treat all Net Benefit at 23% threshold

number of expected events over 5 years; KM
; The 95% confidence intervals for the overall performance and calibration measures were calculated using non-parametric
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bootstrap on 500 samples with replacement.

Calibration

A second important question to answer when validating a model is ‘how well do
observed outcomes agree with model predictions? This relates to calibration.® ™
Assessment of calibration is essential at external validation *2¢. Below we describe a
hierarchy of calibration levels and its application to survival model predictions, in line
with a previously proposed framework.®

Mean calibration
Mean calibration (or calibration-in-the-large) refers to agreement of the predicted and
observed survival fraction.

Fixed time point mean calibration is typically expressed in terms of the ratio of the
observed survival fraction and the average predicted risk. The observed survival fraction
at the chosen time point needs to be estimated due to censoring, which can be done
using the Kaplan-Meier estimator. For the external validation cohort, the Kaplan-Meier
estimate of experiencing the event within 5 years was 51%, while the average predicted
probability was 49%. This indicates a minor deviation from perfect mean calibration (a
ratio of 1.04, 95% CI [0.95 to 1.14], Table 3).

Weak calibration

The term ‘weak’ refers to the limited flexibility in assessing calibration. We are essentially
summarising calibration of the observed proportions of outcomes versus predicted
probabilities using only two parameters i.e. a straight line. In other words, perfect weak
calibration is defined as mean calibration and calibration slope of unity. Mean calibration
indicates systematic underprediction or overprediction. The calibration slope indicates
the overall strength of the PI, which can be interpreted as the level of overfitting (slope
<1) or underfitting (slope>1).

For a fixed time point assessment of weak calibration, we can predict the outcome at 5
years for every patient but we need to determine the observed outcome at 5 years even
for those who were censored before that time. One way to do this is to fit a new ‘secondary’
Cox model using all of the validation data with the PI from the development model as the
only covariate. The calibration slope is the coefficient of the PI. In our case study it was 1.07
[95% Cl 0.82 to 1.32] for the 5 year predictions, confirming very good calibration.

Moderate calibration

Moderate calibration concerns whether among patients with the same predicted risk,
the observed event rate equals the predicted risk.® A smooth calibration plot of the
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observed event rates against the predicted risks is used for assessment of moderate
calibration.

The relation between the outcome at a fixed time point and predictions can be visualised
by plotting the predicted risk from another ‘secondary’ Cox model against the predicted
risk from the development model.?” The details are presented in Appendix 3 and Table S1.

The calibration plot shows good agreement between the developed and refitted models
(Figure 1A). This plot can be characterized further by some calibration metrics. The
Integrated Calibration Index (ICl) is the mean absolute difference between smoothed
observed proportions and predicted probabilities. The E50 and E90 denote the
median and the 90th percentile absolute difference between observed and predicted
probabilities of the outcome.?” For our validation cohort, we estimated ICl was 0.03 [95%
C10.01 to 0.07], E50=0.03 [95% CI 0.007 to 0.07] and E90=0.06 [95% CI 0.02 to 0.14].

Strong calibration

Ideally, we would check for strong calibration by comparing predictions to the observed
event rate for every covariate pattern observed in the validation data. However, this
is hardly ever possible due to limited sample size and/or the presence of continuous
predictors.

Time range calibration

Mean calibration can be assessed by comparing observed to predicted event counts,
a method that is closely related to the standardized mortality ratio (SMR), common in
epidemiology.?® ?° For the validation cohort, the total number of observed recurrent
free survival endpoints was 285 versus an expected number of 269.9 (ratio 1.06
[0.94 to 1.19]). This agrees with the 5-year fixed time results. For weak and moderate
calibration assessment, a similar path to the fixed time approach can be followed using
a Poisson model with the predicted cumulative hazard from the original Cox model as
an offset. The weak calibration results gave a calibration slope of 1.05 [95% CI 0.80 to
1.30] respectively, again confirming very good calibration. Computational details are in
Appendix 3.

Overall performance

Another common measure used at validation of predictions up to a fixed time point,
encompassing both discrimination and calibration, is the Brier score.?°=2 This measure
also involves inverse weights and is the mean squared difference between observed
survival at a fixed time point (event =1 or 0) and the predicted risk by that time point.

The Brier score for a model can range from 0 for a perfect model to 0.25 for a non-
informative model in a dataset with a 50% event rate by the fixed time point. When the
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event rate is lower, the maximum score for a non-informative model is lower, which
complicates interpretation. A solution is to scale the Brier score, B, at 0 - 100% by
calculating a scaled Brier score as 1-B/B, where B is the Brier score when using the
same estimated risk (the overall Kaplan-Meier estimate) for all patients.*

At apparent validation, the Brier score was 0.210 [95% CI 0.204 to 0.216], with a null
model Brier score B, of 0.245, so a scaled Brier score of 14.3% [95% CI 11.8% to 16.8%].
The internal validation results were very similar to the apparent validation. At external
validation, the Brier score was slightly higher at 0.224 [95% CI 0.210 to 0.240] and the
scaled Brier score lower at 10.2% [95% Cl 4.0% to 15.9%] (Table 3).

Approaches to assess clinical usefulness

Measures of discrimination and calibration quantify a model's predictive ability from a
statistical perspective. However, they fall short with regard to evaluating whether the model
may actually improve clinical decision making.2*-% Specifically, we may wish to determine
whether a model is useful to support targeting of an additional treatment to high risk
patients. This is what decision curve analysis aims to do by calculating the Net Benefit of
a model.*% 37 First, we need to define a clinically motivated risk threshold to decide who
should be treated. For example, we may offer chemotherapy to patients with a 5-year
risk of recurrence or death exceeding 20%. Using this 20% threshold, treatment benefit
is obtained for patients who would die or whose cancer would recur within 5-years and
have a risk >20%: true positive classifications. Harm of unnecessary treatment is caused
to those patients who would not die or whose cancer would not recur within 5-years but
have a risk >20%: false-positive classifications. *®If the harm of unnecessary treatment
(i.e. a false positive decision) is small then a risk threshold close to 0% is sensible, as it
would lead to treating most patients. However, if overtreatment is harmful, such as major
surgery, then a higher risk threshold may be apt. The odds of the risk threshold equals the
harm-to-benefit ratio. Realizing this, we can now calculate the Net Benefit by calculating
the proportion of true positives (that benefit) and substracting from that the proportion of
false positives (that are harmed), weighted by the harm-to-benefit ratio (w): 3

(TP —w « FP)

Net B it =
et Benefi N

where TP is the number of true-positive decisions, FP the number of false-positive
decisions, N is the total number of patients and w is the odds of the threshold. When
we are dealing with survival data, the Net Benefit can be calculated in the presence of
censoring at any prediction horizon (Vickers et al, 2008).%> For survival data TP and FP
are calculated as:

TP()=[1-S(tX=1D]*P(X=1)*N

FP(O)=[S(t,X =D]*PX =1 N

Py
1-p,

w(t) =
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where P is the predicted probability at time ¢, 1 - S(t, X=1) the observed event probability
for those classified as positive, and P(X=1) is the probability of a positive classification.
Considering only one single risk threshold for evaluation of Net Benefit is usually too
limited, since the perceived harms and benefits of treatment may differ between
decision makers and be context-dependent. Hence, we specify a range of reasonable
thresholds which would be acceptable for treatment decisions.> The Net Benefit can be
visualised for this range of clinically relevant thresholds using a decision curve. Decision
curve analysis allows us to compare the Net Benefit for different prediction models to
the default strategies of treating all or no patients (treat all'and ‘treat none’).?%40 7

Based on previous research we focused on a range of thresholds from 14% to 23% for
adjuvant chemotherapy (Figure 1B).#' If we choose the threshold of 23% the model has a
Net Benefit of 0.27. This means that the model would identify 27 patients per 100 who will
have recurrent breast cancer or die within 5 years of surgery and thus require adjuvant
chemotherapy. The decision curve based on the development data shows that the model
Net Benefit is only marginally greater than a ‘treat all' reference strategy at the highest
threshold within the acceptable range of 23%. However, in the external validation dataset,
the model is not useful as it has similar Net Benefit values to the ‘treat all’ strategy for
the full range of clinically acceptable thresholds. Therefore it is unlikely that the model is
useful to support decisions around adjuvant chemotherapy (Figure 1C).

All the methods we have described are summarised in the Appendix (Table S2).

Model extension with a marker

We recognize that a key interest in contemporary medical research is whether a
particular marker (e.g. molecular, genetic, imaging) adds to the performance of an
existing prediction model. Validation in an independent dataset is the best way to
compare the performance of a model with and without a new marker. We extended
our model by adding the progesterone (PGR) biomarker at primary surgery to the Cox
model (Table 2). The results are described in appendix 4 and presented in Table 3.
Briefly, at external validation the improvement in fixed time point discrimination was
from 0.693 to 0.722 (delta AUC of 0.029), the improvement in time range discrimination
was from 0.639 to 0.665 (delta C of 0.026). There was an improvement in net benefit
(0.367 versus 0.362), which means we need to measure PGR in 200 patients for one
additional net true positive classification.

Software

All analyses were done in SAS v 9.4 (SAS Institute Inc., Cary, NC, USA) and R version 3.6.3,
R Foundation for Statistical Computing, Vienna, Austria). Code is provided at https:/
github.com/danielegiardiello/Prediction_performance_survival.
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Figure 1A Calibration plot of model predicting recurrence within 5 years for patients with primary
breast cancer in external validation data for fixed time assessment (A). Decision curves for predicted
probabilities without (green line) and with (blue line) PGR in (B) development dataset; (C) external
validation dataset.

A External validation: Fixed time assessment (predicted risk at 5 years from original model
versus secondary model)

1.0 H

Predicted risk from refitted model

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Predicted risk from developed model

Footnote: The solid red line represents a restricted cubic spline between the predicted risk from the developed
model and the predicted risk from the refitted Cox model at 5 years. The dashed lines represent the 95%
confidence limits of the predicted risks from the refitted model. At the bottom of the plots is the density function
for the predicted risk from the developed model.
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B Decision curve analysis in development data
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DISCUSSION

This article provides guidance for different measures that may be used to assess the
performance of a Cox proportional hazards model. The performance measures were
illustrated for use at model development and external validation. At model development,
the apparent performance can directly be assessed for a prediction model, and internal
validity is commonly assessed by cross-validation or bootstrapping techniques. External
validation is considered a stronger test for a model. We first illustrated how to evaluate
the quality of predictions using measures of discrimination, calibration and overall
performance. We then showed how to evaluate the quality of decisions according to
Net Benefit and decision curve analysis. Finally, we illustrated that the performance
measures are also applicable when assessing the added value of a new predictor, where
specific interest may be in improvement in discrimination and Net Benefit.

We made a distinction between measures that can be used to assess the performance of
predictions for specific time points (e.g. 5- or 10-year survival) and over a range of follow
up time. Prediction at specific timepoints will often be most relevant since clinicians
and patients are usually interested in prognosis within a specified period of time. As
described, AUC, smooth calibration curves and Brier score focus on such specific time
points. Of note, estimation of the baseline survival is treated as an optional extra step in
most statistical software packages. The consequence is that such key information is not
available for most prediction models that are based on the Cox model. This may lead
to the misconception that the Cox model does not give estimates of absolute risk. If the
baseline survival for specific times points is given together with the estimated log hazard
ratios, external validation is feasible (see Table S3). The discrimination and Brier score
methods presented here can easily be applied to parametric survival models such as
Weibull or more flexible approaches*

In the breast cancer study, the optimism in all performance measures was minimal at
internal validation. This reflects the relatively large sample size in relation to the small
number of predictors, which allows for robust statistical modeling. The performance at
external validation was slightly poorer, as can in general be expected and may reflect
slightly differential prognostic effects, but also differences in case-mix and censoring
distribution.”> We have not addressed the common problem of missing values for
predictors, which needs somewhat more complex handling than for binary outcome
prediction.*

Dealing with censoring is a key challenge in the assessment of performance of a

prediction model for survival outcomes. If censoring is merely by end of study period
(‘administrative censoring’), the assumption of censoring being non-informative may be
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reasonable. This may not be the case for patients who are lost to follow-up, where
censoring may depend on predictors in the model and other characteristics. As well as
the IPCW and secondary modelling approaches presented here, other approaches are
possible, for example using pseudo-observations, which often makes the assumption
of fully uninformative censoring. Extensions that can deal with covariate-dependent
censoring have been proposed.** 4¢

Recommendations

We provide some recommendations for assessing the performance of a survival prediction
models (Box 2 and Table S3). For calibration at external validation, we recommend
plotting a smooth calibration curve (moderate calibration) and reporting both mean and
weak calibration. Where no baseline survival is reported from the development study,
only crude visual calibration and discrimination assessment may be possible (Appendix 5).
Moreover, we recommend that researchers developing or validating a prognostic model
follow the TRIPOD checklist to ensure transparent reporting.”

Box 2. Recommendations for assessing performance of prediction models for survival outcomes

Assessment

. For overall performance, we recommend reporting a scaled Brier score for a fixed time point assessment.
For discrimination, report time-dependent area under the ROC curve at the time point(s) of primary
interest. We recommend Uno's weighted approach. For assessment over a time range we recommend
either Harrell's C or Uno's C.
For calibration in an external dataset, while moderate calibration is essential, we recommend following the
calibration hierarchy and also reporting mean and weak calibration.

Clinical utility
If the model is to support clinical decision making, use decision curve analysis to assess the Net Benefit for
a range of clinically defendable thresholds.

Publication

. When reporting development of a prediction model, include the baseline survival and ideally a link to
a dataset containing the full baseline survival so others can validate the model at a fixed time point or
over a range of follow up time. Report model coefficients or the hazard ratios. Both baseline survival and
coefficients are essential for independent external validation of the model.
Use the TRIPOD checKlist for reporting prediction model development and validation.

Net Benefit, with visualisation in a decision curve, is a simple summary measure to
quantify the potential clinical usefulness when a prediction model intends to support
clinical decision-making. Discrimination and calibration are important but not sufficient
for clinical usefulness. For example, the decision threshold for clinical decisions may
be outside the range of predictions provided by a model, even if that model has a high
discriminatory ability. Furthermore, poor calibration can ruin Net Benefit, such that
using a model can lead to worse decisions than without a model.#
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We recognize that other performance measures are available that have not been
described in this paper, which may be important under specific circumstances. We
recommend that future work should focus on assessing performance for various
extensions of predicting survival, such as for competing risk and dynamic prediction
Situations.? 4851

In conclusion, the provided guidance in this paper may be important for applied
researchers to know how to assess, report, and interpret discrimination, calibration
and overall performance for survival prediction models. Decision curve analysis and Net
Benefit provide valuable additional insight on the usefulness of such models. In line with
the TRIPOD recommendations, these measures should be reported if the model is to be
used to support clinical decision making.
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APPENDICES

Assessing performance in prediction models with survival outcomes: practical
guidance

Appendix 1: Types of validation

Apparent performance

Apparent performance is the model's performance estimated on the same data that
was used for developing the model. It is usually optimistic and therefore a poor estimate
of the predictive performance in new individuals, even if those individuals are from the
same population. The ultimate aim of a prediction model is to apply it on new patients
for whom the outcome is still unknown. This is why it is important to conduct internal
and external validation.

Internal validation

After model development it is important that we at least assess performance of the
model's predictions for patients from the same underlying population.” The most well-
known method splits the data into a model development part and a model testing part.
The model is developed on the first set of data, and its performance is assessed on the
second. While simple and transparent, this method is often inefficient? the available
data is split into two smaller parts, such that both model development and performance
assessment become more uncertain. It is better to develop the model on all available
data to maximize development sample size, and to use resampling methods for internal
validation. The most common methods are cross-validation and bootstrapping. Cross-
validation is a generalization of the split-sample method which involves splitting the data
into groups. With splitting by decile, the model is estimated on 90% of the data and tested
on the remaining 10%. This is repeated another 9 times, each time using the next 10%
for testing. The average performance is calculated over the 10 repetitions. For more
stability, such a 10-fold cross-validation procedure can be repeated 10 times (10x10-fold
cv).? Alternatively, internal validation can be done using bootstrapping, which provides
even more stable estimates of performance (at the price of increased computation time)
for the population where the sample originated from. This method involves generating
samples from the underlying population by drawing n samples (in the case study we used
n=500) with replacement from the original dataset. Each of the n samples are the same
size as the original dataset.> The model development process is repeated in each of the
bootstrap samples and their performance assessed (bootstrap performance). Each of the
models is then applied to the original dataset and test performance assessed. The average
difference in the bootstrap and test performance is the ‘optimism’ in performance of the
original model. Optimism-corrected performance is estimated as apparent performance
minus optimism. It is an estimate of internal validity, reflecting validation for the underlying
population where the data originated from.*>
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External validation

It is preferable to have prediction models that are transportable to new (external)
populations that are ‘plausibly related’ to those used to develop the model.® The
simplest example involves the application of the model in patients from a different
location. Evaluating this type of external transportability is referred to as geographical
validation. Of specific interest is the evaluation of the heterogeneity in performance
across many locations.” However, because populations at any given location tend
to change over time, for example due to changes in patient care, another type of
external validation involves the evaluation of a model in more recent patients from the
model development location. This is referred to as temporal validation. In addition to
geographical and temporal validation, it may also be relevant to determine whether a
model performs well for a different type of population than the one it was developed
on (domain validation).’”® For example, does a model that predicts mortality within 5
years from the point of diagnosis of early breast cancer, predict accurately for patients
diagnosed with locally advanced breast cancer?.™

Externally validating a survival prediction model is problematic if the published article
does not report the estimate of the baseline survival function for any follow-up times.

Appendix 2 Further details on methods for assessing discrimination
Time-dependent AUC

The standard approach of ROC curve analysis considers outcome status for a patient
as being binary. However, in the survival setting the result depends on the timepoint
of interest since the proportion of events changes over time. Recent research has
incorporated this dependency on time into the estimation of sensitivity and specificity
(and hence the AUC). This means that since the disease status can be observed at
each time point, we may obtain different values of sensitivity and specificity throughout
follow-up. This may be useful to determine how well the model performs for patients
early in follow-up compared to longer term survivors. Three different approaches to
estimating time-dependent sensitivity and specificity have been proposed. Each differ
with regards to the time-dependent manner that the outcome status is handled.” In
prognostic modelling the goal is generally to predict an outcome that occurs within a
time period of clinical interest (e.g. within 5 years in our case study). Under this scenario
we propose to focus on one suitable approach to estimate sensitivity and specificity
(and hence the AUC) called ‘cumulative sensitivity and dynamic specificity’. Here, at each
time point each patient is classed as either a case or a non-case where a case is a
patient who experiences the outcome between baseline and the time point of interest,
t (e.g., 5 years), and a non-case is a patient who remains outcome free at t. The AUC
evaluates whether predicted probabilities were higher for those who experience the
outcome at or prior to t than for those who still have to experience the outcome.™
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The Kamarudin review identified eight methods of evaluating the time-dependent AUC
using the cumulative sensitivity and dynamic specificity approach and we illustrate one in
our case study that is recommended by Blanche et al, 2013;"> '3 the inverse probability of
censoring weighting approach by Uno et al, 2007."* This approach allows us to reassign
the case weights of those censored to other observations with longer follow up (see
Table S1 for details of various methods for dealing with censored patients).

Concordance

Concordance (C) is one of the most popular measures of discrimination. C is defined
as the fraction of all pairs of observations for which the rank order of the predictions
agrees with the rank order of the actual response, i.e., the prediction model got them
in the right order. Observation pairs that have the same response are not used, while
pairs that have the same predicted value count as 1/2 an agreement. For a continuous
response this definition is equivalent to Somers' d, for a binomial response it leads
to the area under the curve (AUC), and for a survival response to Harrell's C. C is only
equivalent to the AUC for binomial outcomes which has caused confusion for applied
researchers who incorrectly use these terms interchangeably in the survival setting.’
For survival data, Harrell's Cis the most commonly applied, however, it does not account
for censored data. Two important refinements to C for survival data are the addition
of administrative censoring at the time point of interest, t, and the addition of a time
dependent weighting that more fully adjusts for censoring.’® If interest is focused on
predicted survival up to t=5 years, for instance, then relative rankings between patient
pairs who both have events beyond 5 years might be considered irrelevant. For the
example data, the estimated 5-year concordance for prediction in the development
and validation data sets was 0.674 (95% Cl 0.660 to 0.688) and 0.652 (95% Cl 0.619
to 0.685), respectively, using Harrell's C]). Uno's C uses a time dependent weighting
that more fully adjusts for censoring. Using Uno's C, the estimated 5-year concordance
was 0.673 (95% ClI 0.657 to 0.689) in the development data and 0.639 (95% CI 0.602
to 0.676) in the external data. It has been shown that the bias from Harrell's C is more
pronounced when it is greater than 0.8 which is rare for prediction modelling in the
absence of overfitting."”” Weighted measures such as Uno have been shown to become
biased when censoring is large leading to extreme weights."”
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Table S1: Approaches to deal with censoring in the analysis of performance at a fixed time point
for a survival outcome

Approach Concept Assumption Applications Data illustration A
Inverse probability ~ Set the weights of Fully uninformative Weighted Brier Redistribute the
of censoring patients censored censoring* score; Uno's weight of 280

weights (IPCW)

Use of a secondary
model

Pseudo values

before time t to

zero, reassigning
their mass to other
patients still at risk at
time ¢.

Can also be extended

to a time dependent
IPCW.

Impute censored
observations by
predictions from a
flexible secondary
model using the
complementary
log-log transformed
predicted risk at t
years as the only
covariate.

Impute censored
patients by estimated
survival captured in
pseudo values

Uninformative
censoring given
the risk score, and

proportional hazards
*Kk

Fully uninformative
censoring but
extensions can
deal with covariate-

dependent censoring.

approach to
discrimination

Uno's C uses a time
dependent weighting
(more details in
appendix 2)'®

Austin et al (2020)
approach to
calibration.’®

Assess calibration
and discrimination
with pseudo values

patients who are
censored before

5 years to the 406
with either an
event or no event
observed at 5 years

Analyze 686
patients

Analyze 686
patients (including
280 censored
patients) with
pseudo values

A 280/686 GBSG (external validation dataset) subjects are censored before 5 years
* This assumption is stronger than at model development, where censoring is assumed to be uninformative given
the risk score (as modeled from predictors or outcome). However, methods are available to make the weights
covariate dependent’
** This assumption is similar to model development with Cox regression.
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Appendix 3 Calibration assessment

Calibration can be evaluated either across all follow up time points (time range
assessment) or at one specific time point. Time range assessment refers to the evaluation
of estimated risks at the time of the event (or censoring) for each patient. Evaluating
models over the time range requires the availability of the development dataset, or
at least the baseline survival for all time points. Here we describe the methods for
assessment of calibration over the time range:

Mean calibration

When we wish to assess calibration across all time points then one method to deal
with this is to consider a comparison of the total number of observed events (O) as
compared to expected events (E), counts instead of probabilities. The expected count
for each subjectis defined as the predicted cumulative hazard for that subject, under the
model, up until that subject’s event time or censoring. This approach has a long history
in epidemiology where sum(observed)/sum(expected) is known as a standardized
incidence ratio (SIR).?# 2> Such data can be analysed using standard Poisson methods
and software (Berry, 1983).2° However, in order to estimate the cumulative hazard, the
dataset used to develop the original model or, at least, the baseline survival for all time
points is required.?? Failing that, linear interpolation may be used if the baseline survival
is available at several time points.

For the Rotterdam dataset, there are 1275 events within 5 years of study entry. Using
the German Breast Cancer Study Group (GBCSG) validation dataset, there are 285
observed events while the Rotterdam model applied to that data predicts 269.9, giving
an O/E ratio of 1.06. Using the individual observed (as outcome) and expected values
(log cumulative hazard as an offset term) a Poisson model, estimates an intercept term
of 0.054 with a standard error of 0.059. The exponential of this value leads to exactly the
same O/E estimate of 1.06, and a confidence interval of (0.94, 1.19). Fig STA shows how
O/E changes over time, remaining stable from 18 months.

Weak calibration

For binary outcomes, calibration can be inspected visually using a calibration plot of
the observed proportion of outcome associated with a model's predicted risk. The Pl is
regressed on the observed outcomes using a logistic calibration model.?” The coefficient
of Pl is the calibration slope and its value indicates whether there is overfitting (slope<1)
or underfitting (slope>1).2® Since the calibration slope does not involve grouping
patients and provides a measure of the magnitude and direction of miscalibration with
95% confidence interval, it is preferred to the Hosmer-Lemeshow goodness-of-fit test,
the use of which is discouraged due to focus on p-values and poor test performance
characteristics.?® 2° For the Cox model, there are different variations of the Hosmer-

190 | CHAPTERG6

Lemeshow test including tests proposed by Grannesby and Borgan,*® which should not
be used for similar reasons.
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Fig STA: Time range assessment of O/E in external dataset
Note: the solid red line represents O/E at each month up to 5 years and the dashed lines represent the
95% confidence limits of O/E

For survival outcomes, estimation of the calibration slope is possible using a Poisson
model. Thisis done by including the Plinthe validation dataset (using the coefficients from
the original Cox model) as a predictor in a Poisson model with the difference between
the log cumulative hazard and Pl as an offset and using a log link.??> The regression
coefficient for Pl represents the calibration slope. In our study the calibration slope was
1.05(95% C10.80to 1.30), so close to the ideal value of 1. The calibration intercept is just
the intercept term before exponentiating in the previous section on mean calibration.
This approach is termed weak calibration because of its limited flexibility in assessing
calibration. We are essentially summarising calibration (of the observed proportions of
outcomes versus predicted probabilities) using only two parameters. However, more
subtle violations of miscalibration may remain undetected.

Moderate calibration

The relation between the outcome over the time range and predictions can be
visualised by plotting the predicted cumulative hazard from the Poisson model against
the predicted risk from the development model. In the external dataset, the Pl from
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the original Cox model is modelled as a restricted cubic spline in a Poisson model with
the log of the cumulative hazard as the offset. Predictions from this Poisson model
represent a proxy to the observed outcomes for all patients including those who were
censored. The calibration plot shows good agreement between the Cox and Poisson
models (Fig S1B).

Cumulative hazard from Poisson model

T T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0 22 24

Cumulative hazard from Cox model

Figure S1B: Calibration plot of predicted cumulative hazard of recurrence over the time range for
Cox model versus Poisson model

Note: the solid red line represents the relationship between the predicted cumulative hazard from
the developed model and the predicted cumulative hazard from the Poisson model. The dashed lines
represent the 95% confidence limits of the predicted cumulative hazard from the Poisson model.
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Appendix 4 Incremental value of PGR

We extended the model by adding the progesterone (PGR) biomarker at primary surgery
to the Cox model. Following examination for non-linearity, PGR was fitted as a restricted
cubic spline function with 3 knots (see Figure S2). We repeated the apparent, internal
and external validation processes on this extended model.

Performance in development dataset

PGR had additional predictive value when added to the original model, increasing
the model chi-squared from 483.7 to 516.7 (LR statistic 33.0, df=2, P<0.001) in the
development dataset. Overall performance showed a small increase: Brier score
decreased from 0.210 to 0.209, and the scaled Brier score increased from 14.3% to
14.9% (Table 4). The discriminative ability at 5 years follow-up also increased marginally
(e.g., Uno's weight approach increased from 0.712 to 0.720).

For a threshold of 23%, the model with PGR included had a slightly larger net benefit
than the model without PGR (0.274 versus 0.267) (Figure 1B). Hence, at this particular
cut-off, the model with PGR would be expected to lead to one more net true positive
classification per 154 patients (1/0.0065) at the same number of false positive
classifications.

Performance in external dataset

Comparing the above performance measures for the model with and without PGR in
the external dataset, the former was better overall. The improvement in fixed time
point discrimination was from 0.693 to 0.722 (delta AUC of 0.029) at external validation
while improvement across the time range was from 0.639 to 0.665 (delta C of 0.026).
Globally, the total number of observed recurrent free survival endpoints was 285 versus
an expected number of 279.0. Using the Poisson model this equated to a calibration-
in-the-large SIR of 1.02 (95% CI 0.91 to 1.15)). The calibration slope was 1.16 (95%
Cl 0.93 to 1.40). Mean calibration on average showed some improvement with PGR
included. The calibration plot of O/E across all time points up to 5 years shows relatively
consistent results from 18 months onwards (Figure S3A). The calibration plot of the
predicted cumulative hazard in the original Cox model versus the Poisson model shows
good agreement, although some underprediction in the higher risk patients (Figure
S3B). Focusing on calibration at the fixed time point of 5 years we found that the Kaplan-
Meier estimate of experiencing the event within 5 years was 0.49, while the average
predicted probability was 0.50. The calibration plot (Figure S3C) shows evidence of good
agreement overall for predictions of mortality over 5 years. The ICl decreased from
0.03 to 0.02 when PGR was included and E50 dropped from 0.03 to 0.01. The scaled
Brier score increased from 10.2% to 13.6% at external validation. Hence a substantial
improvement in statistical performance was found.
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With PGR in the model, the risk groups are well separated in both the development and Figure S3: Calibration plots of Cox model with PGR predicting recurrence within 5 years for patients

validation datasets which implies that the model discriminates well in these cohorts with primary breast cancer in the external validation data.
(Figure S4). However, from approximately 3 years into follow-up the middle two risk 10
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Figure S2: Plot showing unadjusted (univariable) relations between PGR and predicted probability

of recurrence (solid curve) with 95% confidence bands. The relation was non-linear characterised
by a restricted cubic spline function with 3 knots.

Cumulative hazard from Poisson model
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Cumulative hazard from Cox model

B Predicted cumulative hazard from original model versus Poisson model
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Predicted risk from refitted model

T T T T T T
0.0 0.2 04 0.6 0.8 1.0

Predicted risk from developed model

C Predicted risk from original model versus secondary model at 5 years

Note: In A, the solid red line represents O/E at each month up to 5 years and the dashed lines represent the 95%
confidence limits of O/E; In B, the solid red line represents the relationship between the predicted cumulative hazard
from the developed model and the predicted cumulative hazard from the Poisson model. The dashed lines represent
the 95% confidence limits of the predicted cumulative hazard from the Poisson model. In C, the solid red line represents
a restricted cubic spline between the predicted risk from the developed model and the predicted risk from the refitted
model at 5 years. The dashed lines represent the 95% confidence limits of the predicted risks from the refitted model. At
the bottom of the plots is the density function for the predicted risk from the developed model.

Table S3 What calibration assessments can | do based on the model development
information | have?

What development data  Fixed Continuous Methods
do you have? timepoint time
assessment  assessment

Whole dataset used to v v See section on calibration and appendix 3 for

develop model calibration methods

Table of baseline survival v v See section on calibration and appendix 3 for

at all observed time points calibration methods

+ Pl

Baseline survival at v v Use interpolation methods to estimate baseline

multiple (but not all) time survival (Crowson et al, 2016).22 Then see section on

points (e.g., yearly) + PI calibration and appendix 3 for calibration methods.

A predicted survival curve v v Use digitisation software to estimate baseline

based on the model + PI survival (Guyot et al, 2012).2" Then see the section of
calibration and appendix 3 for calibration methods.

Baseline survival at time v See section on calibration and appendix 3 for

point of interest + Pl calibration methods at fixed time points.

Published Kaplan-Meier Formal assessment not possible. Can visually

curves for risk groups compare Kaplan-Meier curves to those from
validation data (Appendix 5; Royston and Altman,
2013)%

None of the above Calibration assessment not possible
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Appendix 5 What to do if the development dataset (or its baseline hazard) is not
available

In case the baseline hazard/survival function (either as a look-up table or mathematical
function) of a survival model is not available then there is not enough information
to formally assess calibration. However, if the development paper reported Kaplan-
Meier curves for risk groups of the Pl then it is possible to compare these with the
corresponding Kaplan-Meier curves from the validation cohort.?'3? This is not a strict
comparison between observed and predicted values since we are using Kaplan-Meier
estimates and not the Cox model-based predictions. If the survival curves for risk groups
overlap between the development and validation datasets, then this may provide an
indication of agreement. Further, plots where the curves are widely separated between
risk groups provides informal evidence of discrimination.

In the case study, we centred the PI for the model including PGR at average risk by
subtracting its mean of 0.65 and then categorised it into quarters. The groups at the
extreme ends represent the lower and upper fourth of the risk of recurrence. This
procedure was done in both the development and validation datasets. For the validation
dataset the Pl was calculated based on the coefficients from the model fitted to the
development dataset (Figure S4). In the development dataset the four risk groups are
well separated which implies that the model has discriminative ability in this cohort.
However, the curves for the second and third fourths are close together in the validation
data suggesting that the model does not discriminate well between these two groups.
Otherwise, the discrimination is broadly similar between the two datasets. The curves
do not agree too well in absolute risks between the two datasets suggesting that there
is a degree of miscalibration. The percentage of patients within the four groups in the
validation dataset were 8.8%, 21.0%, 36.3% and 34.0% respectively so there are more in
the two highest risk fourths and fewer in the lowest risk fourth than in the development
dataset. The mean (SD) Pl was 0.24 (0.50) in the validation dataset, implying that the
prognostic profile was somewhat worse than in the development dataset. This is evident
from Table 1 which shows that women in the validation dataset had larger tumours and
more nodes.
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Glossary

Patients Where we refer to ‘patients’ one can also read individuals, participants or subjects. We
use 'patients’ to match our illustration using breast cancer data.

Competing risks In the competing risks setting there are multiple event types that ‘compete’ for first
occurrence. In the case study these are breast cancer recurrence and mortality before
recurrence.

Primary event We assume one event type is the primary event of interest. In the case study, the
primary event is breast cancer recurrence.

Prediction horizon The specified duration of time over which predictions are made. In the case study we
focus on 5-year risks.

Cumulative incidence The absolute risk of experiencing the primary event during the prediction horizon,
taking into account that a patient who experiences a competing event will never
experience the primary event.

Primary event indicator A patient's primary event status by the end of the prediction horizon: did the patient
experience the primary event before or at that time-point? If so, the primary event
indicator is 1. If the event indicator is 0, this may mean either that the patient has
not experienced any event by the end of the prediction horizon or that the patient
experienced a competing event by that time point.

Censoring When the patient’s event status by the end of the prediction horizon is unknown, e.g.
due to loss to follow up at an earlier time point.

Observed outcome This is the observed proportion of patients with the primary event. In a setting without

proportion censoring, this is the sum of the primary event indicators divided by the total number

of patients. With censoring, the observed outcome proportions have to be estimated
accounting for the incomplete observations. The observed outcome proportion
represents the actual underlying cumulative incidence.

Risk estimates (or These are the estimates of cumulative incidence from the developed prediction model.
estimated risks) Typically, risks up to one or a few time-points are of particular interest. We want to
evaluate the performance of these risk estimates for new patients.

Stand first

Thorough validation is pivotal for any prediction model before it is advocated for use in
medical practice. For time-to-event outcomes such as breast cancer recurrence, death
from other causes is a competing risk. Model performance measures must account
for such competing events. In this paper, we present a comprehensive yet accessible
overview of performance measures for this competing event setting, including the
calculation and interpretation of statistical measures for calibration, discrimination,
overall prediction error, and clinical utility by decision curve analysis. All methods are
illustrated for patients with breast cancer, with publicly available data and R code.

Key messages

- Validation is a necessary step for prediction models before being used in clinical
practice.

In the presence of competing risks, these other risks have to be accounted for at
model validation.

- We provide a comprehensive overview of performance measures for calibration,
discrimination, overall prediction error and decision curve analysis that account for
competing events.

- Data and R code used for illustration of the measures is available from a GitHub page.
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INTRODUCTION

Prediction models are pivotal for counseling patients about their prognosis and for
risk stratification.l'! Interest often lies in predicting a non-fatal adverse event over a
certain time period, e.g. breast cancer recurrence within 5 years after diagnosis. As
study populations of common diseases increasingly consist of elderly individuals with
high degrees of multimorbidity, patients will experience other events that preclude the
occurrence of the event of interest.? For example, a patient with a previous breast
cancer who dies from a cardiovascular cause can no longer experience breast cancer
recurrence. In these settings prediction models should target the cumulative incidence
(or absolute riski®) of the adverse event, which is defined as the probability of the event
of interest occurring by a particular time-point with no other competing event occurring
earlier. In the breast cancer example, the 5-year cumulative incidence of recurrence is
the risk of developing a recurrence within 5 years taking into account that patients who
die within 5 years cannot develop recurrence anymore. Failing to account for competing
events during model development leads to overestimation of the cumulative incidence.
“IThe higher the risk of the competing event, the more pronounced the overestimation.
Crucially, failing to account for competing events during validation leads to a distorted
view on model performance, especially for calibration. This was recently revealed for
an internationally recommended kidney failure prediction model, which systematically
overestimated 5-year absolute risk of kidney failure in patients with advanced chronic
kidney disease. The absolute overestimation by 10 percentage points on average and by
37 percentage points in the highest risk group could result in overtreatment of patients
and therefore led to the conclusion that the model was unfit for use in this population.
This was missed in previous validation efforts which ignored the competing event of
death.>8 We present model performance obtained when ignoring the competing risk
and when accounting for it side-by-side in Supplementary material 1.

For predicting binary and time-to-event outcomes, useful guidance on how to perform
model validation exists.” " For time-to-event outcomes with competing risks, validation
guidance is currently spread out over many technical papers which hampers the uptake
of appropriate methods in medical research. We aim to provide an accessible overview
of contemporary performance measures for time-to-event outcomes with competing
risks. Our overview was made on behalf of the international STRengthening Analytical
Thinking for Observational Studies (STRATOS) initiative (http:/stratos-initiative.org),
which aims to provide guidance documents for relevant topics in the design and analysis

of observational studies for a non-specialist audience.l'? We focus on how to calculate
and interpret performance measures with illustration using a breast cancer prediction
model, including accompanying R code.
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SETTING

In this paper, we assume a prediction model has already been developed. It should
have been reported such that it allows calculating the estimates of the cumulative
incidence (or absolute risk of an event) at the time point(s) of interest for new patients
(Supplementary material 2). Our aim is to validate this model in an external dataset while
accounting for competing events. Our focus is on external validation studies. The same
performance measures could also be used during internal validation when combined
with technigues such as bootstrapping or cross-validation.l' Typically, interest is in the
evaluation of the prediction of the primary event occurring by a single specific time-
point. If multiple time-points are of interest clinically, we may assess performance at
each of these time-points or over a time range until the last time-point of interest.

Breast cancer case study

For illustration, we consider a simple competing risks prediction model for the cumulative
incidence of breast cancer recurrence within 5 years after diagnosis developed on the
FOCUS cohort, a Dutch cohort of consecutive breast cancer patients aged 65 years
and older. We used cause-specific Cox proportional hazards regression modeling with
the following four predictors: age at diagnosis, tumor size, nodal status, and hormone
receptor status (Supplementary material 2 and Table 1).

Table 1: Hazard ratios for the developed prediction model

Predictor Cause-specific hazards models

at breast cancer diagnosis Recurrence Other cause mortality
cHR (95%Cl) cHR (95% Cl)

Age, years (80 vs 69) 1.18 (0.90-1.55) 3.41(2.76-4.24)

Size,cm (3.0 vs 1.4) 1.49(1.25-1.78) 1.46(1.26-1.70)

Nodal status (positive vs negative) 1.66(1.18-2.35) 1.20(0.91-1.60)

HR status (ER-/PR-vs ER and/or PR+) 1.90(1.31-2.78) 1.27 (0.90-1.80)

5 year baseline cumulative incidence 0.14 0.18

Abbreviations: cHR: cause specific hazard ratio; Cl: confidence interval; HR: hormone receptor; ER: estrogen receptor
status; PR: progesterone receptor status. For representation purposes, the cHR for the continuous predictors (age
and size) are listed for the 75" versus the 25" percentile. Baseline cumulative incidence is presented at the overall
mean of the linear predictor in the model. To estimate the 5-year cumulative incidence of recurrence for a new
patient, first for each event the patient's predictor values are multiplied by the cause-specific (Iog) hazard ratios and
combined with the cause-specific baseline hazards. Secondly, the resulting cause specific hazards for both events
are combined over time up to and including 5 years (Supplementary materials 2 and 4).

We assess the performance of this model in patient data from the Netherlands Cancer
Registry (NCR), which is a different dataset to that used for model development. We
selected patients aged 70 years or older diagnosed with breast cancer between 2003 and
2009 in the Netherlands who received primary breast surgery, and received no previous
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neoadjuvant treatment. We used a random subset of 1000 patients from the registry
as with this selection we were allowed to share the individual patient data open access.
Among these 1,000 patients, 103 recurrences and 187 non-recurrence deaths occurred
within 5 years follow up (cumulative incidence curve in Supplementary Figure 1).

Performance measures for risk prediction models and accounting for competing
risks

We discuss performance measures for the following four validation aspects: calibration,
discrimination, overall prediction error and decision curve analysis. We give the results
of these performance measures in our breast cancer case study. Corresponding R
functions are in Table 2, and technical descriptions in Supplementary material 4.

Calibration

Calibration refers to the agreement between observed outcome proportions and risk
estimates from the prediction model. For example, in the breast cancer cohort, the
model predicted a 14% absolute risk of breast cancer recurrence by 5 years on average.
This implies that, if the model is well calibrated on average, we expect to observe a
recurrence event in approximately 14% of the patients in the validation set within 5
years. Ideally calibration is not only adequate on average (‘calibration in the large’), but
across the entire range of predictions.

Calibration plot

Calibration plots offer a detailed view on calibration by comparing observed and
predicted outcomes among patients with the same estimated risk. The observed
outcome proportions and estimated risks by a particular time-point of interest are
plotted against each other, with deviations from the diagonal signalling miscalibration.
A common approach is one where individuals are divided into approximately equally
sized groups based on their risk estimates - for example in tenths of risk defined
between deciles. Then, for each group, the observed outcome proportion is plotted
against the estimated risk. The main challenge is how to incorporate censored data and
competing events into the calculation of the observed outcome proportion. When using
the grouping approach, the observed outcome proportion can be estimated using the
Aalen-Johansen estimator (Supplementary material 4).'3"'% However, as the grouping
approach has been criticized for arbitrariness of the categorization and potential loss of
information, it is recommended to include a smoothed curve in the calibration plot.'®
One approach of obtaining a smooth curve is using pseudo-observations. These pseudo-
observations replace the primary event indicators, which gives a proxy ‘observed’ event
indicator for all patients, even those that were censored observations (Box 1).['"! After
this transformation into pseudo-observations, a smooth curve can be obtained using
a non-parametric smoother of the observed outcome proportions (from the validation
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riskRegression (plotCalibration)

available from our GitHub
available from our GitHub
available from our GitHub

R package (function)
timeROC (timeROC)
riskRegression (Score)

pec (cindex)

Calibration in the large (‘mean calibration’): ratio of average
estimated risk to overall observed outcome proportion
Intercept (on the log cumulative-hazard scale) of the

regression of
Percentage reduction in Brier score compared to a null

Average squared difference between estimated risks and
model

How close are estimated risks to the primary event indicators

observed primary event indicators?

Curve of Net Benefit over a plausible range of risk

Weighted difference between correctly and falsely
thresholds

Slope (on the log cumulative-hazard scale) of the
classified patients, for a certain risk threshold

observed outcomes with estimated risks as offset
regression of

observed outcomes on estimated risks

How well does the model separate those who experience the primary event earlier than others?

Cumulative/dynamic area under the receiving operator characteristic curve. How well does the
model separate those who will and who will not experience the primary event by a certain time-

How close is each estimated risk (or risk group) to the observed outcome proportion?
point?

C/D AUC, calculated for each time-point up to the time-point of interest

What is the net result from correctly

and falsely classified high risk

to the overall observed outcome
patients?

proportion?
Are estimated risks too extreme

(far apart) or too modest

How close is the estimated risk
(homogeneous)?

Interpretation

Performance measure
calibration plot

O/E ratio
calibration intercept

calibration slope
c-index

C/D AUC,

C/D AUC, curve
Brier score
scaled Brier score
Net Benefit
Decision curve

Table 2: Overview of performance measures with suggested R packages that offer implementation for competing risk outcomes

Decision curve

Prediction error
analysis

Calibration
Discrimination

Aspect

data) versus estimated risks (from the model).l'8™ An alternative approach was
recently proposed where the smoothed curve is obtained as predictions from a flexible
regression model (Box 1).292" Both for the pseudo-observations approach and for the
flexible regression approach, the calibration curve will depend on the chosen strength
of the smoothing, i.e. the span for the first approach and the degree of flexibility (e.g.
number of knots when using splines) in the second approach. Advice on these choices
can be found elsewhere.l'®?1 The smoothed curve should only be plotted over the range
of observed risks and not extrapolated beyond.

The calibration plot for the breast cancer model shows that the predicted 5-year
cumulative incidence of breast cancer recurrence is too high at the lower range of
the estimated risks in the validation cohort (Figure 1, estimated using the pseudo-
observations approach). The calibration curve using the flexible regression approach
showed similar overestimation (available from our GitHub page).

Box 1: Techniques for estimating performance measures from competing risks data in the
presence of censoring.

Pseudo-observations

+ A pseudo-observation is used as a proxy measure of the primary event indicator of each patient.
The pseudo-observations are calculated as the weighted difference between the cumulative incidence
estimate at the prediction horizon based on all patients and the same quantity estimated leaving that
patient out.
The advantage of pseudo-observations is that censored patients for who the primary event indicator is
unknown, will have a pseudo-observation and can contribute to the calculation of the observed outcome
proportion in a straightforward way.

Smoothmg using a flexible regression model
The primary event is regressed on (a complementary log-log transformation of) the risk estimates,
employing restricted cubic splines to allow a non-linear relationship. The shape and degree of smoothing
is chosen by specifying the number and location of knots. Austin et al. propose to use a Fine and Gray
model in this step.[20,21]
Observed outcome proportions are estimated using the flexible regression model for all patients,
including patients with a censored event status.

Inverse probability of censoring weighting (IPCW)
The intention with IPCW is to create a hypothetical population that would have been observed had no
censoring occurred.
This can be achieved by up-weighting patients who are similar to censored patients but remain in the
study longer. In other words, observations that were not likely to remain in follow-up are up-weighted.
The weights are estimated from a survival model with censoring as the outcome.
Observations are then weighted inversely to their probability of not being censored.

Numerical summaries of calibration

A simple way to summarize overall calibration (or calibration-in-the-large) by a particular
time-point, is a ratio of observed and expected outcomes (O/E ratio). An O/E of 1
indicates perfect calibration-in-the-large, an O/E < 1 indicates that on average the model
predictions are too high, and an O/E > 1 indicates that on average the model predictions
are too low. In the presence of competing events, the O/E ratio can be calculated as the
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ratio of the observed outcome proportion by the prediction horizon (estimated by the
Aalen-Johansen estimator!™)) and the average risk estimated by the prediction model
under evaluation. We refer to Supplementary material 3 for an overview of alternative
ways to summarize overall calibration.

06
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o o o
[\¢] (5] B
| | |

Observed outcome proportions

o
-
I

0

0.0 0.1 0.2 0.3 0.4 0.5 06
Estimated risks

Figure 1: Calibration plot visualizing the estimates of cumulative incidence of breast cancer
recurrence against the outcome proportions observed in the validation set. The 45 degree
reference line indicates perfect calibration. The smooth curve was estimated using a linear loess
smoother on the pseudo-observations with span of 0.33. The open dots along the x-axis indicate
the distribution of risk estimates.

A further way to numerically summarize the calibration plot of predictions by a particular
time-point is by calculating the calibration intercept and calibration slope. For competing
risks data, these can be estimated using pseudo-observations, similar to those proposed
for ordinary survival.l' We provide details in Supplementary material 3. If on average
the risk estimates equal the observed outcome proportions, the calibration intercept
will be zero. The calibration slope equals one if the strength of the predictors match the
observed strength in the validation set. The calibration intercept and slope can potentially
be used for recalibration of existing models to fit better in new populations.1222%
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Returning to the breast cancer validation cohort where we focus on the cumulative
incidence of recurrence up to 5 years, we observe a somewhat too high estimated risk
on average with an O/E ratio of 0.81 [95% CI 0.62 to 0.99]. The calibration intercept was
estimated at -0.15 confirming the overestimation. For example, for an estimated risk of
14%, the observed outcome proportion was 1-0.86"(exp(-0.15))=12%. The calibration
slope was 1.22 [95% ClI 0.84 to 1.60], which would indicate slightly too homogeneous
predictions but the wide confidence interval precludes any firm conclusions.

Table 3: Estimated values (95% confidence interval) of the performance measures in the external
breast cancer data. O/E ratio: ratio of observed and expected outcomes, C/D AUCt: cumulative/
dynamic area under the receiving operator characteristic curve

O/E ratio 0.81(0.62 t0 0.99)
Calibration Calibration intercept -0.15(-0.36 to0 0.05)
Calibration slope 1.22(0.84 to 1.60)
o c-index up to 5 years 0.71(0.67 to 0.76)
Discrimination
C/D AUCt at 5 years 0.71(0.66 to 0.77)
o Brier score 0.09 (0.04t0 0.13)
Prediction error .
Scaled Brier score 5.7% (1.6% to 8.2%)
Decision curve analysis Net Benefit at 20% threshold 0.014

Discrimination: C-index and area under the ROC curve

As well as being well calibrated, useful prediction models should assign higher risk
estimates to patients who will experience the primary event earlier than others. This is
their discriminative ability.

A commonly used performance measure for assessing discrimination over a certain
time range is the c-index, also known as concordance index. The c-index assesses the
ordering of predictions for all patient pairs where at least one has the event within the
prediction horizon and the other is not censored earlier than that event.?? The c-index
is the proportion of these examinable pairs for which the patient with the highest
estimated risk is observed to experience the event sooner than the other patient. Other
versions of the c-index have been proposed that are less dependent of the study specific
censoring mechanism.?>2% The c-index ranges from 0.5 (no discriminating ability) to 1.0
(perfect ability to discriminate between patients with different outcomes).

In the competing risks setting, two definitions of comparison pairs have been considered

(Supplementary material 4).272When the target is evaluating cumulative incidence,
we propose to compare pairs where one individual has the primary event within the
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prediction horizon and the other either has the primary event later or experiences a
competing event. Such a pair is considered concordant when the first individual has
the higher estimated risk. In the presence of censoring, inverse probability of censoring
weighting (IPCW) methods can be applied for estimating the c-index (Box 1).2827

If interestis notin the full range of observed follow up but only in the ability of a model to
predict the event occurring by a single time-point of interest (e.g. the 5-year recurrence
risk), the cumulative/dynamic area under the receiving operator characteristic curve (or
AUC)) can serve as a measure of discrimination.” The calculation of AUC, is similar to
the c-index except that patient pairs are only compared if one has a recurrence by 5
years and the other has a recurrence later than 5 years or experiences the competing
event (non-recurrence mortality).[322 The ordering of two patients having a recurrence
after e.g. 2 years and after 3 years will not be in included in this calculation. The AUC, can
be calculated for multiple time-points and shown in a curve.

In the breast cancer data, the c-index calculated for the time range till 5 years of follow
up was 0.71 [95% Cl 0.66 to 0.76] and the AUC,  was 0.72 [95% CI 0.66 to 0.77].
The AUC, showed a slightly decreasing trend over time with wide confidence intervals
(Supplementary Figure 2).

Overall prediction error

Overall model performance entails the overall ability of the model to predict whether
a patient does or does not experience the primary event by a particular time point,
combining both the calibration and the discrimination of a model. The Brier score
summarizes the squared difference between the event indicators and the risk
estimates.B33% For the competing risks setting, the Brier score is the average squared
difference between the primary event indicator at the end of the prediction horizon and
the absolute risk estimates by that time-point.F%'8 Weighting techniques or pseudo-
observations can account for censoring (Box 1).5627

The Brier score can range from 0, for a perfect model, to 0.25, for a non-informative
model in a dataset with an overall 50% event occurrence. When the overall outcome risk
is lower, the maximum score for a non-informative model is lower, which complicates
interpretation. Therefore, a scaled version of the Brier score has been proposed:
1-(model Brier score / null model Brier score).3*38-40 The null model (without covariates)
is @ model that estimates the risk equally for all individuals and can in the setting of
competing events be estimated by the Aalen-Johansen estimator.l'®! The scaled Brier
score can be interpreted as an R-squared type of measure, representing the amount
of prediction error in a null model that is explained by the prediction model. It has
a 'higher is better’ interpretation with 100% corresponding to a perfect model, 0% a
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useless model and <0% a harmful model in the sense that the predictions are further
away from the observed data compared to the null model estimating the average risk
for each patient.

In the breast cancer validation cohort, the Brier score (lower is better) was 0.09 [95%
Cl 0.04 to 0.13]. The scaled Brier score (higher is better) showed 5.7% [95% CI 1.6% to
8.2%] explained variation, which we consider fairly low.

Decision curve analysis

Discrimination, calibration and overall prediction error as described above are important
when validating a prediction model but do not tell us whether the model would do more
good than harm if used in clinical practice.*'#2 To use a risk model for making decisions, we
have to choose a risk threshold. Patients with a risk exceeding the threshold are selected
for additional clinical interventions. Using the risk model in this way leads to justified
interventions (interventions in patients who would develop recurrence) and unnecessary
interventions (interventions in patients who would not develop recurrence). The Net
Benefit statistic is based on the proportion of justified interventions minus the proportion
of unnecessary interventions (Box 2). However, it assigns a weight to the proportion of
unnecessary interventions. This weight is related to the chosen threshold: the lower the
threshold, the more we value justified interventions and the more we accept unnecessary
interventions. The choice of the threshold depends on the (perceived) benefits and harms
of the intervention. For example, a highly effective intervention with few side effects
suggests using a low threshold. Different clinicians and patients may prefer different
thresholds. Therefore, Net Benefit can be calculated for a range of reasonable thresholds,
resulting in a decision curve. '3 The decision curve of a model is commonly compared to
a reference scenario in which all patients receive the intervention (treat all’) and another
scenario in which no intervention is given (‘treat none’).

Box 2: Net Benefit for competing risks data

Suppose a physician finds it reasonable that, to treat one patient who would otherwise develop a recurrence
within 5 years, (e.g. with adjuvant systemic therapy), at most four patients are treated unnecessarily. This
means at least 20% of treatments should be justified implying a risk threshold of 20%..

The benefit of a prediction model is defined as the proportion of patients that are correctly classified as
high risk. In presence of competing events, this proportion can be calculated as the cumulative incidence
of recurrence among patients with estimated risk at or above 20%, multiplied by the proportion out of all
patients with risk at or above 20%.

The harm from using the model is defined as the proportion of patients who are incorrectly classified
as high risk. With competing events, this is calculated as one minus the cumulative incidence among
patients with estimated risk exceeding 20% multiplied by the probability of exceeding that threshold
(Supplementary material 4).13

The Net Benefit is the benefit minus the harm, in which the harm is assigned a weight. This weight is
determined by the risk threshold. Here we find it reasonable that at least 20% (1 in 5) treatments is justified
implying that the harm of an unnecessary treatment is considered four times smaller than the benefit of a
justified treatment. The weight is therefore 1/4.141444%

RUNNING CHAPTER TITLE HERE | 213



The decision curve in Figure 2 shows the Net Benefit for predicting recurrence within
5 years in the validation data. With a risk threshold of 20% (Box 2), the Net Benefit was
0.014 (Table 2). This net result of 14 out of 1000 patients is made up out of 34 patients
whom the prediction model points out correctly as they would develop recurrence if
untreated (benefit) versus 81 patients whom the model points out incorrectly and are
overtreated (harm). Given the weight of 1/4 implied by the risk threshold (Box 2), this
leads to the net result of 34-81/4=14 net more benefiting patients when applying the
prediction model to 1000 patients.

A Net Benefit greater than zero and exceeding that of the reference scenarios suggests
that the prediction model can add value to clinical decision making. The decision whether
or not to implement a model in practice will be further based on practical considerations
such as costs and ease with which the information needed in the model can be obtained.
In our breast cancer illustration, all four variables are readily available, but in other cases
covariate information can be expensive or invasive to obtain. Preferably a formal impact
trial is performed to obtain definite evidence on the clinical utility of using a prediction
model for clinical decision making .l
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—— Treat none
— Prediction model

0.05
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Figure 2: Decision curve for validation of the prediction model developed for estimation of the
absolute risk of breast cancer recurrence. The solid black line refers to a scenario where the
predictions from the model are compared to the threshold probabilities to decide who receives
the intervention. The solid gray line refers to a scenario where all patients receive the intervention.
The dashed line refers to a scenario where no patients receive the intervention.
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CONCLUDING REMARKS

We provided an overview of performance measures for a comprehensive assessment
of the performance of a competing risks prediction model. This typically requires
specialist techniques to address censored data such as reweighing the observations or
using pseudo-observations. Contemporary, free software facilitates all of the described
approaches. The methods can be used for validating any developed time-to-event
prediction model, as long as reporting enables calculation of absolute risk estimates for
new patients at the time-point(s) of interest.

We recognize that other performance measures are available that have not been
described in this overview, which may be important under specific circumstances. For
example, methods have been proposed for evaluating estimated absolute risks for
several or all competing events at the same time.[#8l Also, with exception of the c-index
and AUC, curve we limited our descriptions to evaluating absolute risk predictions by
a single specific time-point, since this is relevant for most clinical prediction problems.
Several of the performance measures that we described can be extended to evaluating
predictions by multiple time points or over the entire range of follow-up. Furthermore,
we note that large sample sizes are often required for a reliable assessment of
performance.“>1

The discussed performance measures relate to the full risk distribution (calibration,
discrimination, overall performance) and to a decision-analytic perspective (potential
impact to obtain better patient outcomes, or clinical utility). These measures are in line
with the TRIPOD guidelines, which form a key framework for reporting of prediction
models, including the increasingly common competing risks prediction models.?
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SUPPLEMENTAL MATERIAL

Supplementary material 1 - Ignoring competing risks during model validation
The following results are adapted from Tables 1 and 2 and Figures 3 and 4 published in
a study by Ramspek et al., with permission [w1].

(a) Calibration plot - 2 year KFRE (b) Calibration plot - 5 year KFRE
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Figure 1: Calibration plots for external validation of the 2- and 5-year Kidney Failure Risk Equation
(KFRE). The external validation was performed ignoring competing risks (red points and line) and by
using a competing-risks approach (green points and line).

Table 1: Calibration and discrimination results for external validation of the 2- and 5-year KFRE, in
the entire validation cohort (n = 13 489). The external validation was performed in two manners,
first by ignoring the competing risk of death by censoring these patients and using Kaplan-Meier
estimates and second by validating the models whilst taking account of competing risks in the
performance measures.

KFRE 2-year model KFRE 5-year model
Ignoring competing  Taking competing Ignoring competing  Taking competing
events by censoring  events into account  events by censoring  events into account
Average predicted 17% 17% 41% 41%
risk
Average observed 18% 16% 41% 31%
probability (17%-19%) (15%-17%) (40%-42%) (30%-32%)
(95% Cl)
O/E ratio 1.06 0.94 1.00 0.76
(95% Cl) (1.02-1.10) (0.91-0.98) (0.98-1.02) (0.74-0.78)
C-index 0.840 0.834 0.829 0.814
(95% Cl) (0.831-0.849) (0.825-0.843) (0.821-0.837) (0.806-0.822)

KFRE, Kidney Failure Risk Equation; O/E, observed/expected; Cl, confidence interval.

220 | CHAPTER7

(a) Calibration plot - 2 year KFRE (b) Calibration plot - 5 year KFRE
patients 70+ years old patients 70+ years old
= =
- Observed risk estimation method - Observed risk estimation method
—e— Kaplan—-Meier estimate o —e— Kaplan—-Meier estimate
—— Cumulative Incidence Function estimate P —4—  Cumulative Incidence Function estimate
© _| ’ « 4
o o
2 2
3 o 3 o
8 o7 8 o7
s s
s E A
s < § < i
Q o | [7] 7
2 2 ° E 1
(o] o) -
N N ]
o o
o o
(=] T T T T o T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Predicted probability Predicted probability

Figure 2: Calibration plots for external validation of the 2- and 5-year Kidney Failure Risk Equation
(KFRE) in a subset of older patients. The external validation was performed ignoring competing
risks (red points and line) and by using a competing-risks approach (green points and line). The
competing-risks approach represents the model performance for the absolute kidney-failure risk
in a setting in which patients may die.

In panel (b) the patients with 10% highest risk have an estimated probability of 0.89. when ignoring
competing events, the observed outcome probability is 0.81, whereas when accounting for
competing events the observed outcome probability is only 0.52 (29 percentage points lower).

Table 2: Calibration and discrimination results for external validation of the 2- and 5-year KFRE,
in a subset of patients aged =70 years (n = 8654). The external validation was performed in two
manners, first by ignoring the competing risk of death by censoring these patients and using
Kaplan-Meier estimates and second by validating the models whilst taking account of competing
risks in all performance measures.

KFRE 2-year model KFRE 5-year model
Ignoring competing  Taking competing Ignoring competing  Taking competing
events by censoring events into account  events by censoring  events into account
Average predicted 13% 13% 34% 34%
risk
Average observed 11% 10% 28% 19%
probability (95% CI) ~ (11%-12%) (9%-10%) (27%-29%) (18%-20%)
O/E ratio (95% Cl) 0.91 0.78 0.84 0.57
(0.86-0.96) (0.73-0.83) (0.81-0.87) (0.54-0.59)
C-index (95% Cl) 0.826 0.813 0.817 0.791
(0.810-0.841) (0.797-0.828) (0.803-0.830) (0.778-0.805)

KFRE, Kidney Failure Risk Equation; O/E, observed/expected; Cl, confidence interval.

w1 Ramspek CL, Teece L, Snell KIE, et al. Lessons learnt when accounting for competing
events in the external validation of time-to-event prognostic models. International
Journal of Epidemiology 2021:dyab256. doi:10.1093/ije/dyab256
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Supplementary material 2 Details on the development of the prediction model
Cause specific versus sub-distribution approach

Analysis methods for predicting absolute risks in competing risks data typically use
either the cause-specific hazards for all events (CSH approach) or the sub-distribution
hazard of the primary event (SDH approach). In short, in the CSH approach separate
regression models are developed for each event, censoring patients who experience
the other events. By combining the separate models, the absolute risk of the primary
event can be calculated.™ In the SDH approach, a single regression model is developed
that directly relates to the absolute risk of the primary event.?*3I More details on both
approaches can be found in Supplementary material 4.

Although most published competing risks prediction models used the SDH approach (in
particular the Fine and Gray model), the CSH approach has two important advantages.
Firstly, when calculating absolute risks for multiple competing events, the sum of these
risks should remain below one. With the CSH approach this is guaranteed, whereas in the
Fine and Gray model it is not.*¥ Secondly, in the CSH approach the hazard ratios are well
interpretable as they link to a single event instead of to a combination of events.i*>*4 This
can be useful for understanding a model's behavior and allows including causal thinking
into model development which in turn may lead to models that generalize more easily.
7wel Sybdistribution (SD) hazard ratios from a Fine and Gray model may be interpreted
as directly reflecting the association with absolute risks at the price of a proportionality
assumption of such hazard ratios that is difficult to motivate from a biological viewpoint.
For instance, a variable may appear protective for the event of interest based on a SD
hazard ratio below one, whereas actually it could just as well be a risk factor for the event
of interest if the variable is a strong risk factor for a competing event at the same time.

In contrast to the SDH approach, a practical disadvantage of the CSH approach is that
calculating absolute risk estimates for new patients cannot be done by hand with a
simple formula. It requires access to the cause-specific baseline hazard functions over
time up to and including the time point of interest, the cause-specific hazard ratios
for each event and the reference levels of the covariates they refer to. As individual
patient predictions are typically made through electronic tools (webforms or apps), no
issues are foreseen when using such models in clinical practice. For scientific validation
of prediction models, the model information is preferably shared in full to facilitate
calculating predictions for many new patients in one go. We provide R code for sharing
and using model information when using the CSH approach without having to share
raw data at our GitHub page. For the SDH approach, calculating the absolute risks for
new patients requires the estimated baseline absolute cumulative risk at the prediction
horizon, the sub-distribution hazard ratios for the primary event and the reference
levels of the covariates that they refer to.
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The prediction model we use for illustration of performance measures in the manuscript
was developed using the CSH approach. The discussed validation methods are equally
applicable to other competing risks models such as the SDH approach, (flexible)
parametric models and random survival forests, as long as the models provide sufficient
information to calculate the estimated absolute risks for new patients.

Development data

We developed the prediction model on the FOCUS cohort.[w9] In this retrospective
cohort, all consecutive patients aged 65 years or older with breast cancer diagnosed in
the South-West region of the Netherlands in the years 1997-2004 were included. The
registry contains information on patient-characteristics including tumor characteristics,
treatment and disease recurrence. Follow-up data on patient survival (maximal 5 years)
was obtained by linkage with the municipal population registries. We applied the following
inclusion criteria (same inclusion criteria that were used in the validation cohort): patients
with primary breast cancer who received primary breast surgery, and received no previous
neoadjuvant treatment. We used a random subset of 1000 patients to allow Open Access
data sharing. Out of these 1000 patients in the development set, 135 developed breast
cancer recurrence and 204 had a non-recurrence death within the five years follow up
(cumulative incidence curve in Supplementary Figure 1). Except for the higher age inclusion
criterion in the validation cohort, patients were rather similar on the listed characteristics
in the development and validation cohorts (Supplementary Table 1).

Model development

Using the CSH approach, we combined the two Cox proportional hazards models for
recurrence and death. In both models, we used age, tumor size, nodal status, and
hormone receptor status as predictors. We assessed the proportionality assumptions
of the models visually and with tests based on Schoenfeld residuals, and did not observe
strong deviations. We assessed the linearity of the effects of age and tumor size by
comparing model fit (Akaike's Information Criterion) using linear covariate effects and
using restricted cubic splines. Linear effects showed adequate fit. Larger tumor size,
positive nodal status and negative hormone receptor status were strong predictors of
breast cancer recurrence (Supplementary Table 2). Age was strongly related to non-
recurrence mortality.

Fine and Gray model

For completeness we repeated our illustration with a model developed using the SDH
approach. Code for development and validation of such a model is available from out
GitHub page. In the SDH approach, we used a Fine and Gray sub-distribution hazards
model following the same steps as in the CSH approach. Validation results were highly
similar to those of the CSH approach presented in the main manuscript.
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Supplementary material 3 Details on calibration measures

Alternative numerical summaries of overall calibration (calibration-in-the-large)
In the main paper we present the O/E ratio to summarize overall calibration into a
single number. An alternative way to summarize overall calibration is by calculating the
average distance between the calibration curve and the diagonal (i.e., the line that would
indicate perfect calibration). When the distance is averaged on the squared scale, this
leads to what has been referred to as the ‘mean squared bias'.'2 When reported, we
recommend using the root mean squared bias to facilitate interpretation. To calculate
the distance between the calibration curve and diagonal, we need the (smoothed)
estimate of the observed outcome proportion for each patient's estimated risk. As for
the calibration curve, these smoothed outcome proportions can be estimated using
pseudo-observations™ or by using a flexible regression model™**4 and will depend
on the chosen degree of smoothing (Box 1). The difference with the definition of the
Brier score discussed in the main of the paper is that we here compare the predictions
to observed outcome proportions, and not to individual (zero or one) primary event
indicators as is the case with the Brier score.

Recently, averaging the distance on the absolute scale was proposed, leading to a
measure called the integrated calibration index (ICl).**%4 Both the root mean squared
bias and the ICl indicate how far off target the risk estimates are on average. We prefer
averaging on the squared scale as previous literature has pointed out that absolute
distance measures in the survival setting may lack a desired statistical property called
‘propriety’, meaning that a perfect model that provides the true underlying risks does
not necessarily score best.™ In line with earlier work, we propose also reporting the
median (E50) and 90" percentile (E90) of the absolute differences along with ICl and/or
root mean squared bias."®

Results from the breast cancer validation cohort are presented in the table below. The
root mean squared bias and IClI show that on average the model was 3 percentage
points off target, with 90% of observations staying within 5 percentage points error.

Table: Estimated values of the additional measures for overall calibration in the external breast
cancer data

Root mean squared bias 0.035
ICl 0.031
ES0 0.030
E90 0.052
Emax 0.159
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Calibration intercept and calibration slope for competing risks data

A pseudo-observation is used as a proxy measure of the primary event indicator at the
time-point of interest for each patient (did the patient experience the primary event
before or at the prediction horizon or not). The pseudo-observations are calculated as
the weighted difference between the cumulative incidence estimate at the prediction
horizon based on all patients and the same quantity estimated leaving that patient
out. These are so-called ‘jackknife’ pseudo-observations. Note that these individual
pseudo-observations can have unintuitive values beyond the 0-1 range and may even
be negative. The important property of pseudo-observations that is employed when
they are used for assessment of calibration is that on average they give an unbiased
estimate of the observed cumulative incidence.” 2 Similar to the setting of ordinal
time-to-event outcomes, to calculate calibration intercept and slope, the pseudo-
observations can be regressed using a generalized linear model with (a complementary
log-log transformation of) the risk estimates as an offset, meaning that the regression
coefficient of the risk estimates is constrained to one.® The estimated intercept from
this model is the calibration intercept and indicates how much the risk estimates are
over- or underestimating on average. A negative calibration intercept indicates that the
risk estimates are on average too high and a positive intercept indicates that the risk
estimates are on average too low. The calibration slope can be estimated by adding
(on top of the offset described above) the same (complementary log-log transformed)
risk estimates as a covariate to the generalized linear model. The estimated regression
coefficient for this covariate indicates how much the calibration slope deviates from one.
A calibration slope between 0 and 1 indicates too extreme predictions of the model, i.e.
for patients with low risks the estimated risks are too low and for patients with high
risk the estimated risks are too high. A calibration slope >1 indicates predictions do not
show enough variation. A calibration slope <0 would imply that predictions are in the
wrong direction.

The calculations can be extended from risk up to one particular time-point to a
calibration intercept and slope that are based on a range of time points spanning the
follow-up period.®

Alternatively, if focus is not on a single time point but on the full range of observed follow

up, a calibration intercept and slope could be estimated by a procedure using Poisson
regression. o wiol
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Supplementary material 4: Technical description of the performance
measures

1. General notation

We use the tutorial paper by Putter et al. [1] as main reference for the Sections 1
through 3. We assume that individuals can experience one of K distinct events. We
denote the failure time as 7, and the competing event indicator as D e {1,..,K}. In
practice, individuals are subject to some right-censoring time C, which is assumed to be
independent of T and D, possibly given covariates. We thus only observe realizations of
T = min(C,T) and D = I(T < C)D, where p = ¢ indicates a right-censored observation
and I(-)is the indicator function.

2. Key quantities
The cause-specific hazard of failing from a cause k in presence of competing events is
defined as:

Pt<T<t+At,D=Fk|T >t)
At—0 At

The overall survival probability is defined by the K cause-specific hazard functions as

S(t) = exp (—Z/t hk(u)du> = exp (— ZHk(t)> ,
k=170 k=1

Where Hy(t) = f(f hi(u)du is the cause-specific cumulative hazard for cause k.

The cumulative incidence function for an event k, also referred to as the absolute risk of
event k, is the probability of that event occurring by a particular time-point ¢t without any
other competing event occurring earlier, P(T < t,D = k). It is defined as

t
Fi.(t) = / hi(w)S (u—)du,
0
with S(u—) being the total survival probability just up to time u.

3. Aalen-Johansen

Suppose we observe nindependent samples (i;,d;) of (T, D) for i = 1---n. We order the
Jdistinct event times where any of the K competing events occur as 0 < t<..<t.LetD(t)
denote the number of individuals failing from cause k at t and let D(t;) = ZkK:le(tj)
denote the total number of failures from any cause at ¢. The number of individuals at
risk of any event at ¢ is given by R(t).

The cumulative incidence of cause k by some time horizon s can be estimated non-
parametrically using the Aalen-Johansen estimator [2], defined as

Fr(s) = > hult;)S(t;1),

jitj<s
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Where

K

() = el S - 1 <1—Zﬁk<m>.

jit <t k=1

This Aalen-Johansen estimator is sometimes referred to directly as ‘the cumulative
incidence function’ (e.g. Ramspek 2021+). Here we the denote the cumulative incidence
function as the population quantity we are targeting, and the Aalen-Johansen estimator
as the means to estimate it from data.

4. Regression models

We assume for the remainder of this document that primary interest lies in estimating
the cumulative incidence for event D = 1 by some prediction horizon s, conditional
on covariates. Let Z denote a vector of p covariates, which are observed for every /"
individual as z..

The two most commonly used methods for predicting an event conditional on covariates
in the presence of competing risks are the Fine and Gray approach [3], and the cause-
specific Cox proportional hazards approach. Both are able to produce a subject-specific
absolute risk of experiencing event D = 1 by s, which we denote as mi(s | z;).This is
effectively an estimate of Fi(s|z;) = P(I' <s,D=1]2).

4.1 Cause-specific Cox proportional hazards
The cause-specific approach first entails specifying a Cox proportional hazards model
for each of the K competing events as

hi(t | Z) = hio(t) exp(BZ),
where ho(t) is the cause-specific baseline hazard, and j, represents the effects of
covariates Z on the cause-specific hazard. Each model can be estimated by treating
all events by causes other than D = k as censored. Note that the models need not

necessarily share the same covariates.

In order to obtain mi(s|z)using the cause-specific approach, the individual-specific
hazards must first be calculated as

T (t | ) = o (1) exp(BLz:),
where ho(t) is calculated based on the increments in the Breslow estimate of the

cause-specific cumulative baseline hazard. These hazards for all J distinct timepoints
can thereafter be plugged into the formula for Fi(s)outlined in Section 3, producing
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mi(s | z;) for D = 1. We refer the reader for example to Section 5.2.1 of the text by
Beyersmann et al. [4] for a more detailed treatment of the procedure.

4.2 Fine and Gray approach
The Fine and Gray approach uses a model for the so-called subdistribution hazard,
defined for cause D = k as

< = > <
)\k(t|z):A1%moP{t_T<t+At,D k|A7;_tU(T_tﬁD7£k),Z}
m
_ —dlog{l — Fy;(t | Z)}
a dt ’

)

where patients failing from competing causes D # k remain in the risk-set up to the
end of follow up.
A proportional hazards model can be specified for this subdistribution hazard as

Akt | Z) = Ako(t) exp(V(Z),

with Aro(t) being the subdistribution baseline hazard function and y, representing the
effects of covariates Z on the subdistribution hazard. The cumulative incidence function
for D = k can then be written as

Fr(s|Z)=1—exp l:— exp(vy] )/Os )\ko(u)du:|,

or equivalently,

1= Fy(s | Z) = {1 — Fyo(s)}oP0i%),

where F(s) denotes the baseline cumulative incidence. Thus, for event D = 1 this
model can be used directly to obtain a prediction m1(s | z;) without having to model the
other competing causes.

5 Dealing with censoring when assessing performance

Let 7 and D, respectively denote the true event time and competing event indicator
for an individual /. We can define vi(s) = I(T; < s,D; = 1) as the binary event which
indicates whether event D = 1 occurred prior to the prediction horizon s, or not. If an
individual / is censored prior to s, we cannot know whether they would have gone on
to experience the event of interest or not. Hence, Yi(s) is not fully observed in the
presence of right-censoring.
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5.1 Pseudo-observations
One of the ways to deal with the issue of censoring is to use pseudo-observations Y;(s)
BJ, which attempts to recreate Yi(s). These are defined as

Yi(s) = nFi(s) — (n— 1)F " (s)

where 7 (s) is the Aalen-Johansen estimate of E{Y;(s)} based on all patients, and F; ()
is based on the sample excluding the /" individual. In case of covariate-dependent
censoring, a weighted version of the Aalen-Johansen estimator should instead be used
1, Using Y;(s)instead of Yi(s) in the calculation of for instance performance measures
eases up calculations as all individuals have a value for Y;(s) .

5.2 IpCW

Another way to deal with the issue of censoring is to use inverse probability of censoring
weights (IPCW). Individuals with an observed event status at s are known as a ‘complete-
case’, meaning they have either experienced one of K events prior to s, or are still at
risk at s. Conditional on covariates z,and experiencing an event at ¢; < s, the probability
of still being under follow-up just prior to ¢, is denoted by G(#;— | z;). For those still at
risk, , #; > s, the probability of being observed to have no event up to time s is written
as G(s | z;). Both can be estimated using the Cox proportional hazards models, or by
Kaplan-Meier estimators in absence of any z predictive of censoring.

Individuals who are known to have experienced a particular event before time s or to
still be at risk prior to s are then weighted inversely to their probability of having that
particular outcome, 1/G(t;— | z;) or 1/G(s | z;).

6 Performance measures
6.1 Calibration
As per Blanche et al.1"}, strong model calibration is defined by

m(s|Z)=P{Y(s)=1]|2Z} for all Z,

meaning that the estimated risk is equal to the observed outcome proportion for all
values (and thus combinations) of Z. Unless Z is low-dimensional and made up entirely
of categorical variables, this is typically impossible to assess. We can instead calibration
by means of various graphical and numerical summaries.

6.1.1 Calibration plot

The simplest calibration plot bins individuals into approximately equally sized groups
based on their risk estimates, and plots the relationship between the average estimated
risk and the observed outcome proportion of the event in each group. The latter can
be either estimated using the Aalen-Johansen estimator, or by averaging across the
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pseudo-observations within a group. Formally, the calibration plot assesses

PY(s)=1|m(s|Z)=r}=r for all Z, for all r € [0, 1],

which essentially states that among individuals with an estimated risk of r, the observed
outcome proportion should also be r. Methods that attempt to create a smooth
calibration curve, be it through local smoothing of pseudo-observations ! or spline-
based regression of risk estimates !, try to create continuity. In other words, they try to
make the groups defined by r as small as possible.

Briefly, the subdistribution model approach (Austin et al. 2020+) to creating a smooth
calibration curve fits a Fine and Gray model for the primary event as a flexible function of
the estimated risks, which have been transformed as log(—log(1 — 71 (s | z;))). Restricted
cubic splines are used as the flexible function, where the number of internal knots define
the degree of smoothing. The predictions from this flexible subdistribution model by s
serve as the observed outcome proportions, and can be plotted against (s |z;) to
create the calibration curve.

The approach taken in® to create smooth calibration curves first relies on computing
the pseudo-observation Y;(s) for each individual. Then, for some probability p, the
pseudo-observations of individuals with an estimated risk within some intervals of p are
averaged to obtain an observed outcome proportion. This pre-specified interval around
p, or bandwidth, defines the degree of smoothing.

6.1.2 Numerical summaries of calibration
Calibration ‘in the large’ is defined by

E{m (s [ Z)} = P{Y(s) = 1},

stating that the average estimated risk equals the overall observed outcome proportion.
A popular way of summarizing this is the ratio of cumulative observed over expected
events, or O/E. Due to censoring in the current setting, we divide risks instead of absolute
event numbers. The observed outcome proportion (‘observed’) is given by the Aalen-
Johansen estimator, while the expected risk is simply the average across all estimated
risks. For an alternative calculation of the O/E ratio, see "%,

A second type of numerical summary is the integrated calibration index (ICl), which is
a weighted mean of the absolute differences between estimated risks and observed
outcome proportions Pl Specifically, let x represent the vector of estimated risks
m(s | Z) by time s, and x_the value of the calibration curve (i.e. the observed outcome
proportions, obtained by smoothing) at x. If we define f(z) = |z -z, and define the
density function of z as ¢(z), then
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IC1(s) = /0 J(@)é(@)da,

which is estimated as simply the empirical mean of f(z).The median (E50) and or other
percentiles of the f{x) are also possible numerical summaries. Similarly, the squared bias
may be of interest, which is estimated as the empirical mean of f(z) = (z — z.)2.

Note that these numerical summaries depend on the degree and type of smoothing
applied to obtain x.. With higher flexibility, i.e. smaller bandwidth for smoothing the
pseudo-observations or higher number of knots in the subdistribution approach, the
calibration curve may be overfitted in areas with few observations where the estimated
risks are usually very small or large. The advice for the subdistribution approach is to use
between 3 and 5 internal knots (Austin et al. 2020+), while for the pseudo-observation
approach ample advice is provided in the text by Gerds et al. ©. Finally, note that the
smoothing method chosen to obtain the calibration plot should preferably be the same
as the one used when computing the numerical summaries.

A third way to numerically summarize calibration is through the calibration intercept
and calibration slope, which additionally allow for miscalibration testing. We briefly
explain the extension of the methods described in " to the competing risks setting.
The idea is to model the pseudo-observations Y;(s)as a function of the complementary
log-log transformed estimated risks cloglog{m (s | z)} = log(—log(l — mi(s | z;))) IN a
generalized linear regression model (GLM). By writing E{Y (s)} = u, we can formulate the
following two regression models,

cloglog (i) = fBo + cloglog{mi (s | Z)}, (1)
cloglog(u) = B + B cloglog{m1 (s | Z)}. (2)

Both GLMs use a complementary log-log link function for the mean, and assume
constant variance. Additionally, both models are fitted by means of generalized
estimating equations (GEE)!"?. Model (1) allows estimation of the calibration intercept
B, which should ideally be equal to zero. In this model, the transformed risk estimates
cloglog{m (s | Z)} are used as an offset, meaning that its coefficient is constrained to unity.
A calibration intercept (significantly) below or above zero respectively implies on average
over and underestimation of the observed outcome proportions.

Model (2) allows estimation of the calibration slope g;, which should ideally be equal to
one. A calibration slope between 0 and 1 indicates too extreme predictions (both on the
low and on the high side), while a calibration slope greater than 1 indicates predictions
that do not show enough variation. A negative calibration slope implies predictions are
in the wrong direction. Furthermore, adding the transformed risk estimates as an offset
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in model (2) allows to test 81 =1 directly.

Regarding testing, it is preferable to first perform a joint test (g, 8;) = (0,1)with two
degrees of freedom to assess overall evidence for miscalibration . If the null-hypothesis
is rejected in the joint test, the individual tests for 8o and 87 can then be performed.

6.2 Discrimination

We introduce a pair of individuals / and j with covariates z,and z;respectively. At horizon
s, we have model-based predictions m(s|z;) and m1(s | z;). The ordering of these
estimated risks at s is thus denoted by

Qij(s) = I{mi(s | z:) > mi(s |2}

6.2.1 C-index
As described int'4, the ‘truncated’ concordance index (C-index) is defined by

Cl(S) = P{?TI(S | Zi) > 71'1(5 | Zj) | D;=1,T; <s, (Tz < Tj UDj ¢ {0,1})}

It measures how well the model ranks the event times occurring prior to sl Notice
that for a pair of individuals, if the individual with the earlier event time is right-censored,
the ordering T; < T; is indeterminable. A simple solution for estimating the C-index
is setting the follow up time of the patients with competing event to the maximum
follow up time in the study design . This method can however only be used in settings
without censoring or with purely administrative censoring, as recently illustrated for
prediction of kidney failure (Ramspek et al., 2020+). Hence, to estimate the C-index in
the presence of other types of right-censoring, we can construct weights as part of an
IPCW procedure, yielding

We can then estimate the c-index as

Gi(s) = iy g (Wi + wig2)Qij () I(f; < 5,d; = 1)
1(s) = " - = .
izt 2ojm1(Wija + wij )t < s,d; = 1)

We note that the c-index is not appropriate for validating prediction models with time-
varying covariate effects ['7..

6.2.2 Time-dependent area under the ROC curve
We define cases as individuals with # <sand d; =1,i.e. as experiencing the primary
event by s. Controls however have been defined in two ways:

1. free of any event by s, i.e. t; > s,

2. free of any event by s, i.e. §; > s, or experiencing a competing event, (; < s, d; ¢ {0,1}).
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We continue with the second definition here. We define a time-dependent area under the
receiving operating characteristic curve (AUC), described in"® and the supplementary
material of 14,

It is defined as

AUCl(S) = P{?T](S | Zi) > 7T1(S | Z]') ‘ D;=1,T; <s, (T'J > SUD]' ¢ {0,1})}

It evaluates the concordance of risk estimates between individuals experiencing

the primary event by s, and individuals either event-free or that have experienced a

competing event. Similarly to the C-index, a pair becomes unevaluable (directly) if one

of the individuals has a right-censored event time prior to s. Specifically, we cannot

determine whether this individual would experience the primary event between the

right-censoring time and s, or remain a control. Thus, we must first construct weights
I(; < s,d; =1) I(i; < s,d; ¢ {0,1}) It > s)

w; = = , Wi = Ly~ s j,2 = G(s)

G(t))

and then can estimate AUC,(s) as

_ Yo 2y wilwy + w52)Qis (s)

Avc
1) D Wi Z?ﬂ(wj»l + wj2)

We refer to "8 for details on covariate dependent censoring.

Alternative versions of the AUC have been proposed which use different definitions of
cases and controls according to having their events before, at or after the time-point
of interest [, The cumulative case/dynamic control definition we describe here can
be considered most suited for evaluation of predictions from baseline over a specific
prediction horizon % whereas the incident case/dynamic control definition with cases
defined as having the primary event exactly at (i.e. not before) a fixed time-point, can be
useful in evaluating dynamic prediction models 120.21.22]

6.3 Overall prediction error

6.3.1 Brier score

The Brier score in the context of competing events is the expected quadratic distance
between the event indicator Y(s) (for the primary event D = 1) and the estimated risks
m1(s | Z) based on the prediction model,

Bi(s) =E[[(T <s,D=1)—m(s | Z)]°,

with I(T < s, D = 1) being the true event status at s. In the presence of censoring, the
Brier score can be estimated using either IPCW, or pseudo-observations. The latter
estimator has only been suggested in the context of dynamic prediction?, and so it is
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not included in this overview.

As per Schoop et al.?4, an IPCW estimator for the Brier score is

n

Bl(s) = ﬁ Z [I(f, < S, Jl = ].) — 7T1(S | zi)]zwu,
i=1
Where
wy; = I(i'i%s’gl 75 0) n I;\(ii > S)
G(ti— | i) G(s | 2i)
6.3.2 Scaled Brier Score

As per Kattan and Gerds 2, the scaled Brier score (also know as index of prediction
accuracy, IPA) for estimating the cumulative incidence of event D =1 is

Bred(s)

IPA(s) =1— ,
( ) Bfull(s)

where Bd(s) is the model Brier score, and By(s) is the Brier score for the null model
(with no covariates). The latter can be calculated by plugging-in the Aalen-johansen
estimator in place of mi(s | z).

6.4 Decision curves
In a competing risks setting, the net benefit at s based on a prediction model for the
primary event, given a chosen probability threshold p,, is given by

NBy(s) = TP) _ FPi(s) < Ps ) )

n n 1—ps

where TP,(s)is the true positive count and FP,(s) the false positive count.

In order to estimate the net benefit, we first define x,= 11if z; = 1 if m; (s | z;) > p,. N Other
words, x,defines whether an individual is classified as their estimated risk exceeding the
chosen probability threshold p.. P(X = 1) is then the proportion classified as X = 1 based
on this threshold.

Recall Fy(s) as the Aalen-Johansen estimate of the cumulative incidence of event D =
1 by horizon s. The quantity is Fi(s| X = 1) then the estimated cumulative incidence
among those classified as exceeding the risk threshold. As described in?®, the number
of true positives is estimated as

TPi(s) =Fi(s| X =1)x P(X =1) x n,

and similarly, the number of false positives as

FPi(s)=[1—Fi(s| X =1)] x P(X = 1) x n.
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The estimated net-benefit NB,(s) can then be obtained by plugging-in TP,(s) and into
FP,(s) (3). Furthermore, a decision curve can be obtained by plotting NB, (s) for various
values of p_. This is often plotted alongside a ‘treat-all’ curve, which plots the net-benefit
across thresholds in a situation where all individuals are classified as exceeding the risk
threshold regardless of the prediction model. A ‘treat none’ reference line is useful as
well, with net-benefit of zero for any threshold (no true positive and no false positive
decisions are made).

7. Closing remarks

Formulas concerning standard errors of performance measures are beyond the scope of
this document. Analytical formulas are available for many measures, and bootstrapping
can be used for most.
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Supplementary material 5 - Supplementary Tables and Figures

1.0
Supplementary Table 1 Patient characteristics
Development Validation
cohort cohort 091
(N=1000) (N=1000) :
Age at diagnosis (years)
Median [Min, Max] 74 65, 95] 76.0 [70, 96]
Size of first tumour (cm) 0.8
Median [Q1,Q3] 2.00[1.40, 3.00] 1.80[1.20, 2.60] g
Nodal status (positive versus negative) 3
Positive 358 (36%) 312 (31%)
Hormone Receptor status (ER+ and/or PR+ versus S
ER-/PR-)
ER+ and/or PR+ 822 (82%) 857 (86%)
0.6 1
025 — Development data 0.25 — Validation data
0.5 T T T T 1
0 1 2 3 4 5
8 020 1 3 0.20 Time since breast cancer diagnosis
c c 9
I L
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§ § Supplementary Figure 2: Cumulative/dynamic time dependent AUC (AUCt) curve in the validation
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Supplementary Figure 1: Cumulative incidence curves for breast cancer recurrence with death
before recurrence as competing risk in the development (left) and validation (right) set. Dashed
bars indicate 95% confidence intervals.

240 | CHAPTER7 RUNNING CHAPTER TITLE HERE | 241



Chapter 8




DISCUSSION

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

Main findings and potential clinical implications

Risk factors and risk prediction of CBC in patients with first invasive breast cancer
Accurate CBC risk predictions are essential in clinical decision making regarding
contralateral preventive mastectomies (CPMs) or other preventive strategies as
personalized treatments and individualized surveillance. A number of patient-, first
primary breast cancer-, and treatment characteristics have been suggested to be
associated with CBC in several studies in the last 30 years'. In particular, patients’
characteristics such as age at first breast cancer diagnosis, family history of breast
cancer, hereditary mutations in the BRCAT, BRCA2 and CHEK?Z (particularly the c.7700delC
mutation) genes, as well as specific first primary breast cancer characteristics, i.e.,
tumor size, lymph node status and breast cancer histology, and (neo)adjuvant systemic
therapies®™. Furthermore, less attention has been given to study the association
between CBC and lifestyle and reproductive factors. Currently, only a few factors such
as body mass index (BMI) and parity (i.e., the number of births preceding first primary
breast cancer diagnosis) have been suggested to be associated with CBC'™. Could these
characteristics (in statistical glossary labeled as predictors or covariates) be used to
provide accurate CBC risk predictions and therewith support clinical decision making
towards the choice of preventive strategies?

To answer this question, we developed and validated CBC risk prediction models

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

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

Other breast cancer risk genes, beyond BRCA1/2, have also been shown to be associated
with CBC risk'®'®21 Can some of these additional genetic markers improve CBC risk
prediction and clinical decision making? In chapter 4, we updated the PredictCBC
models to PredictCBC-2.0 models. We incorporated data on a specific rare mutation in
the CHEK2 gene (c.1100delC), a polygenic risk score (PRS) combining 313 common genetic
variants associated with breast cancer, and the previously shown relevant factors body
mass index and parity'®'222, We showed that the overall CBC prediction accuracy did not
substantially increase between PredictCBC and PredictCBC-2.0 models. On the other
hand, we demonstrated that the PredictCBC-2.0 model including CHEK2 c.1100delC
and PRS had higher net benefit compared to the previous PredictCBC models. In
other words, clinical decision making might additionally improve and be better tailored
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incorporating common and specific rare genetic variants associated with CBC, especially
among patients with BRCA1/2 germline mutations and non-BRCAT/2 carriers.

CBC risk in patients diagnosed with ductal carcinoma in situ

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

Assessing the performance of survival and competing risks prediction models

In chapter 6 and 7, we propose frameworks for performance evaluation of predictions
and for clinical utility of survival and competing risks models to provide guidance in
the context of the STRATOS (STRengthening Analytical Thinking for Observational
Studies) international initiative?®. The objective of STRATOS is to provide accessible and
guidance in the design and analysis of observational studies, since the quality of parts
of biomedical research urgently needs improvement 2. The members of the STRATOS
initiative are experienced statisticians with different expertise in different topic groups
(TG) (https://www.stratos-initiative.org/groups). Two topic groups (TG6 and TG8) involve

statisticians with expertise in prediction models and survival analysis, respectively. In
collaboration with the members of these two TGs, we provide guidance for different
traditional and novel measures that may be used to assess the performance of
prediction for survival and competing risk models. Typically, specific time points
(also defined time horizons) are chosen as relevant by physicians. For example,
physicians may be interested in predicting CBC risk at 5 and 10 years since the first
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invasive breast cancer diagnosis (chapter 2, 3 and 4). For this purpose, several time-
dependent discrimination and calibration performance measures were proposed in the
literature?”?%. In chapter 6 and 7, we briefly provided an overview of the measures
currently available in the literature. Secondly, we suggested to prioritize some of the
available measures to evaluate discrimination, calibration and clinical utility of survival
and competing risk models according to the literature and software availability. We
aimed to guide practitioners and researchers interested in prediction models providing
data and the software code. In chapter 6 we provided both R and SAS code to develop
and validate a survival risk prediction model using two free available data sets: the
German Breast Cancer Study Group and the Rotterdam breast cancer dataset*®. In
chapter 7, we used a random sample of 1,000 patients from the Female breast cancer
in the elderly; Optimizing Clinical guidelines USing clinico-pathological & molecular
Study (FOCUS) and from NCR data to develop and validate a risk prediction model of
breast cancer recurrence in the presence of competing risk due to mortality?". Both
R and SAS codes are freely available in GitHub repositories created and maintained
by the author (https://github.com/danielegiardiello/Prediction_performance_survival

and https://github.com/survival-lumc/ValidationCompRisks) to facilitate the connection
between methodological developments and software availability.

Strengths and limitations of the data used

One of the most important strengths of the studies presented in this thesis is the
use of large hospital- and population-based studies with follow-up information of all
women diagnosed with invasive breast cancer between 1990 and 2017. Most of the
studies were from the Netherlands: the Netherlands Cancer Registry (NCR) has good
quality information about patients, first primary breast cancer characteristics, and
treatments®. We were fortunate to include other studies from the Netherlands such
as Amsterdam Breast Cancer Study (ABCS), Breast Cancer Outcome Study of Mutation
carriers (BOSOM), Erasmus Medical Center (EMC) study, and Hereditary Breast and
Ovarian cancer study (HEBON)?324 Their contribution was essential to incorporate key
information about germline mutations in the BRCA1/2 genes and on the performance
of CPM. Last but not least, we incorporated data from the Breast Cancer Association
Consortium (BCAC) including studies from other European countries, the United States
and Australia. Using BCAC, we included other potentially important information, i.e., the
specific rare mutation in the CHEK2 gene (c.7700delC) and the PRS which was developed
using BCAC data in a previous study?>2¢. The studies included in this thesis, after
combining and harmonizing different sources of data, comprised more than 100,000
women diagnosed with invasive breast cancer or DCIS.

One of the most challenging parts of using different studies was missing data. In
chapter 2, 3 and 4, the NCR represented more than 60% of all data to develop and
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validate PredictCBC and PredictCBC-2.0 models. Family history for breast cancer,
germline genetic information (i.e., BRCA1/2 germline mutation, CHEK2 ¢.1100delC and
PRS), and CPM are completely unavailable in NCR. However, complete breast cancer
characteristics and treatment information available in NCR contributed to developing
good performance imputation models based on the correlation matrix of the data®. In
addition, the remaining predictors were quite complete: more than 70% of patients had
at most one missing predictor. Follow-up information regarding some outcomes were
incomplete in some studies. For example, in some studies included in chapter 2, 3 and
4, CBC and CPM outcome information was incomplete leading to an underestimation of
the cumulative incidence. This challenge can only be solved in the future by improvement
of data collection at the source (i.e., the original registry from which the studies acquired
their data).

Methodological challenges

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

Missing data are unavoidable in medical research and researchers tend to include only
complete information to perform the statistical analyses. However, excluding a large
proportion of information will lead to biases®. Biases may be substantial or negligible
according to the reasons why data are missing. A common classification of missing
data is: missing completely at random, missing at random and missing not at random?.
According to the type of missing data classification, different statistical methods are
suggested. These methods, commonly defined as multiple imputation, replace missing
values with imputed values. To allow uncertainty about the missing data, imputed values
are generated multiple times to create several different plausible imputed data. These
results of all imputed data are combined (using different methods) to fully consider
uncertainty among imputations. Multiple imputation methods are typically suggested
when a missing is at random. When missing is completely at random, complete case
analysis is suggested. On the other hand, when the amount of missing values is high,
multiple imputation is recommended to avoid data reduction. Additional statistical
investigations (e.g. sensitivity analyses) are required when missing is not at random?.
An overview including the definition of the different types of missing data classification
with an example and the suggested statistical method to minimize biased point and
variance estimates is shown in Table 1.
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Table 1: summary of missing data definitions and proposed solutions

Missing (.iata Definition Example Sugge§ted
mechanism solution
. No systematic o
Missing ) Missing values on
differences between ; ) Complete case
completely o a certain predictor occur .
the missing and ; analysis
at random randomly in the data
observed values
Missi I ) . o
Missin carzslslengla\:iised Patients with missing values of Multiple
8 € exp BRCA1/2 tend to be older and ) P
at random by differences : : imputation
) with less aggressive tumors.
in observed data
Differences between missing Multiole
Missing and observed values Patients with missing BMI may : P
; ; imputation and
not may be still present tend to have too high or too L
A sensitivity
at random after considering low self-reported BMI.
analyses

observed data

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

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

Between-study heterogeneity should be also adequately considered both in the
analysis, development and in validation of a risk prediction model using multiple studies.
The heterogeneity may refer to different baseline risk for different studies, different
distribution of the predictors among studies and/or different methods to measure
outcomes and predictors. A risk prediction model can be developed using one-stage or
a two-stage approach?. In one-stage individual patient data, a single model is developed
and typically mixed-effects multilevel regression is used to consider within and between
studies heterogeneity*>#®“¢. In two-stage individual patient data analysis, in the first
step simple regression models are performed by study. Secondly, the estimates are
combined using meta-analytic methods*#’. Both approaches have advantages and
challenges, although some simulations showed a fully specified one stage approach
should be preferred, especially in presence of systematic missing data“>#>. However, few
examples and guidelines are available in the literature with time-to-event outcomes*=2,
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In case of survival analysis, stratified Cox regression models or flexible parametric
survival regression proposed by Royston and Parmar models may be used to account for
different baseline risks among studies in one stage individual patient data analysis®**°.
More sophisticated survival regression models were proposed (e.g. frailty models) in
the literature®C. Currently, to the best of our knowledge, no clear guidelines are available
to clarify how to analyze individual patient data using multiple studies in the presence
of competing risks outcomes. One of the first questions is whether Fine and Gray or
cause-specific hazards models should be used, especially when the aim is to develop
and validate a risk prediction model to predict the absolute risk>¢4’. In chapters 2 and
4, we developed PredictCBC models with a one stage individual patient data analysis
approach using a stratified Fine and Gray method after multiple imputation of missing
values. More practical and methodological efforts in the context of competing risks
might be useful to better consider heterogeneity in the imputation and analysis models.
Table 2 summarizes the approaches of analyzing individual patient data using multiple
studies.

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

Potential future

Approach Definition Pros’ Cons’ developments
- Simple; - Sophisticated models
A single model is (e.g. stratification, mixed-
developed where - Consistent with models, frailty models)
One-stage . ; - -
heterogeneity should imputation of - Clear guidelines
be considered systematic missing - Computationally about how to
data demanding develop, validate a

competing risks /

A single model is )
- In case of systematic  dynamic prediction

developed by study. - Reasonable to L
: . missing values, study- models
Estimates are fully consider . :
Two-stage : . : specific estimates may
combined using heterogeneity among ; A
. ) be diluted with multiple
meta-analytical studies . :
imputation
approaches

IMPLICATIONS AND FURTHER RESEARCH

Potential clinical implications of PredictCBC models

With the work described in this thesis we have tried to pave a way for more accurate and
potentially clinically relevant CBC risk prediction through PredictCBC models. Currently,
decision making about CBC preventive strategies is essentially based on BRCA1/2
germline mutation and/or family history. This choice is still reasonable and practical,
although additional clinical and genetic information can refine clinical decision making
about CPM. No clear guidelines are currently available about risk management of CBC.
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For example, in the Netherlands, most of them are based on the risk management for
a first primary breast cancer diagnosis®®. In some circumstances, the BOADICEA risk
prediction model, originally developed to predict the risk of first primary breast cancer,
is used to have a better idea about the CBC risk>¢°. However, the risk to develop a CBC
is higher among first breast cancer patients compared to the risk to develop a first
primary breast cancer among healthy women®'. Furthermore, the current BOADICEA
model does not include crucial additional information from the primary breast cancer,
most important being systemic therapies. Last but not least, currently although CBC
prediction tools are available like PredictCBC models and CBCrisk, these are not widely
used in clinical practice®. Generally speaking, PredictCBC models and other CBC risk
tools may be used to better identify high risk patients and reassure low risk patients who
have worries and fears about the risk to develop a new primary tumor in the opposite
breast. An appropriate use of the models may help patients, with a low predicted CBC
risk, to avoid CPM or to opt for an alternative preventive strategy such as personalized
screening programs.

Suggestions to promote the usage of PredictCBC models

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

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

PredictCBC models, and generally prediction models, should be periodically monitored

over time to provide up-to-date prediction and performances. However, it is still
challenging to establish when and how often a periodic surveillance of the risk prediction

GENERAL DISCUSSION | 251



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

Further research and future developments in CBC risk prediction

Risk prediction models may need updates and revision. PredictCBC models might be
in the future updated as new predictors become available. There are still stimulating
opportunities to improve CBC risk prediction performance. For example, polygenic risk
scores based on common genetic variants may steadily improve as new biological insights
become available. Although the 313-polygenic risk score and CHEK2 c¢.1100delC are
currently unlikely to add substantial improvements of CBC risk prediction performance
in the general population, better tailored clinical decision making for individual patients
was certainly apparent in PredictCBC-2.0 models. Other germline variants in CHEK2, and
also in the ATM and PALB2 genes are suggested to be associated with higher first breast
cancer and CBC risk®20%, Breast density is a well-established risk factor of first primary
breast cancer and it has been suggested to be associated with an increased CBC risk®”¢8,
BOADICEA and the CBC specific risk tool CBCrisk include breast density as a predictor;
however, no clinical utility evaluation was provided yet. Further research is needed to
investigate whether including information about ATM, PALB2 and breast density may
improve CBC prediction and decision making. All potential aforementioned predictors
are measured at (around) the diagnosis of primary breast cancer. Breast density, lifestyle
and reproductive factors may change over time and adequate statistical methods are
needed to consider time-dependent predictors to estimate CBC risk over the time.

Conceptually, any kind of risk prediction is challenging, especially far away in the
future. It is reasonable to think that risk predictions may improve as new and updated
information becomes available close to the prediction time horizon. Breast cancer is a
multi-state disease with clinically relevant intermediate outcomes such as, for example,
recurrence (local, locoregional, distant) and CBC. Individual patient prognosis can really
differ as the intermediate events occurs or information about modifiable risk factors
(e.g., BMI or alcohol use) and biomarkers change after the first event (e.g., diagnosis
of DCIS or first primary invasive breast cancer). Recently new methods have been
developed to simultaneously model intermediate states and incorporate longitudinal
data®74 The multi-state and dynamic prediction modeling can be used to reveal the
relations between different types of events and to estimate predictions. Prediction can
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be calculated considering patients' personal characteristics and clinical status prior to
the time of prediction (time horizon) at specific landmark time after the first event (e.g.,
IBC or DCIS) or at the time of an intermediate event (e.g., CBC) occurs. We propose a
graphical representation of a multi-state modelling for dynamic prediction, encapsulating
the outline of this thesis, as a potential next step in breast cancer prediction. (Figure 1).
Unfortunately, we were not able to implement any dynamic models because information
of intermediate events was incomplete and most of the predictors were not collected
over the follow-up time.

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

Perspectives and suggestions for further methodological research

As mentioned in the paragraphs before, no clear guidelines are currently available about
how to analyze individual patient data with multiple studies in presence of competing
risks. When missing values are present, how to incorporate competing risks outcomes in
the imputation models is still an ongoing research, especially when multiple studies are
included and systematic missingvalues can occur*“344. An overview about how to develop
and validate a risk prediction model in presence of competing risks using individual data
including multiple studies is really needed with a real application supported by software
code for implementation. These potential guidelines and overviews might be extended
in the context of multi-state and dynamic prediction modelling.

Cox proportional hazard models for each event and Fine and Gray regression are the
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most known models for time-to-event data, although alternatives are possible®*’>. Over
the years, methodological research had focused on extending the potential violation
of proportional hazard and random censoring assumptions. Other relevant issues
include that many hospital- and population-based studies recruit patients at random
times after diagnosis defined as left-truncation or delayed-entry. Few of the current
discrimination measures (e.g. c-index and time-dependent Area Under the ROC curve)
for time-to-event outcomes consider left-truncation’®. Discrimination measures should
be extended when left-truncation occurs. The potential violation of independent
delayed entry assumption in parameter estimation and risk prediction might be
additionally investigated. Simulation studies may be challenging in this setting’’-"°.

Last but not least, prediction ignores technologies that will be discovered in the future®.
There is an increasing interest in using and comparing machine learning and modern
algorithms with standard statistical methods for risk prediction®#. Thus, further
comparison studies are welcomes48s,

CONCLUSIONS

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

We sketched a framework for performance evaluation of predictions and clinical utility
of survival and competing risks models using real word examples and providing the
code of the statistical software currently used. There are still many stimulating and
challenging opportunities to improve risk prediction and prognosis in the breast cancer
field from genetics, biological and clinical perspectives. Much has been achieved in the
last 30 years in medical statistics and biostatistics in risk prediction modelling, although
identifying predictors that really improve prediction performances in (breast) cancer
remains challenging. Further exciting opportunities lie ahead in methodological and
applied research with the help of advance technological developments.
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Chapter 9

Summary




SUMMARY OF MAIN FINDINGS

Prediction of contralateral breast cancer

Breast cancer is the most common cancer among women worldwide. Although the
incidence of breast cancer has increased, 10-year survival has improved approximately
from 40% in 1960 and 1970 to almost 80% in 2010, in Europe. This rise may be attributed
to early detection and better treatment modalities. The increase in diagnosis of first
primary breast cancer implies that there are also more women at risk to develop a
second primary tumor in the opposite breast. This is because contralateral breast cancer
is the most common second primary cancer among women diagnosed with first breast
cancer and accounts for approximately 40-50% of all new second cancers. On average,
four to five out of 100 women with primary breast cancer develop a contralateral breast
cancer within 10 years. These women have a worse prognosis compared with patients
with unilateral breast cancer. Women with first primary breast cancer and high risk
of contralateral breast cancer may opt for a contralateral preventive mastectomy, to
almost nullify the risk to develop a contralateral breast cancer. In women at elevated
contralateral breast cancer risk, such as women with pathogenic mutations in the
BRCAT, BRCA2, or in the CHEKZ2 genes or with a family history of (bilateral) breast cancer,
the option of contralateral preventive mastectomy is actively discussed by clinicians.
However, although contralateral preventive mastectomy is debatable in a large part of
the breast cancer population without any genetic predisposition, an increasing number
of women at low risk to develop a contralateral breast cancer choose to undergo a
contralateral preventive mastectomy. Individualized contralateral breast cancer risk
prediction may be potentially useful to facilitate shared decision making of physicians
and patients regarding preventive strategies for those at high contralateral breast
cancer risk and to avoid potentially unnecessary contralateral preventive mastectomies
among patients at low risk to develop a contralateral breast cancer. One aim of this
thesis was to develop and validate a contralateral breast cancer risk prediction model
and evaluate its potential clinical utility (chapter 1).

In chapter 2, we developed and validated a contralateral breast cancer risk prediction
model (PredictCBC). For this study, we used a large dataset of population- and hospital-
based studies, mostly performed in Europe, United States and Australia, including more
than 100,000 patients diagnosed with first invasive primary breast cancer between 1990-
2013. PredictCBC provided the estimated 5- and 10-year risk to develop contralateral
breast cancer using information about first primary breast cancer, family history,
and BRCA1/2 germline mutation status. We showed that the prediction performance
accuracy of PredictCBC was moderate. PredictCBC may potentially tailor clinical decision
making regarding preventive strategies that are currently essentially based on BRCA1/2
germline mutation status. Contralateral preventive mastectomies might be unnecessary
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even in some patients with BRCA1/2 germline mutations, especially among those with
other favorable characteristics. On the other hand, preventive strategies such as
personalized mammography screening might be necessary for non-BRCA1/2 carrier
patients, especially among those with unfavorable characteristics.

In chapter 3, we compared the prediction performance of PredictCBC with two other
tools currently available to predict contralateral breast cancer: the Manchester formula
and CBCrisk. The Manchester formula is a heuristic formula that estimates the lifetime
contralateral breast cancer risk using information based on a systematic review of the
literature. CBCrisk was developed using data on 1,921 contralateral breast cancer cases
and 5,763 matched controls with first primary breast cancer. CBCrisk was externally
validated in two independent studies in the United States. We externally validated the
Manchester formula, and the contralateral breast cancer risk tools in the twenty studies
used to develop and validate PredictCBC. We estimated that all three tools provided
moderate individualized contralateral breast cancer prediction accuracy. For individual
patients, we found a considerable heterogeneity of the prediction performances
among the three tools. These differences reflect the heterogeneity among patients’
characteristics and the corresponding contralateral breast cancer incidences among
countries. We concluded that deeper biological and clinical insights, and the potential
inclusion of genetic information beyond BRCAT/2 germline mutation, might improve
contralateral breast cancer prediction. In addition, this could further tailor clinical
decision making about strategies for prevention or early detection of contralateral breast
cancer. We encourage a more direct comparison between the three tools using large
external datasets with complete information on all factors considered for contralateral
breast cancer prediction models.

In chapter 4, we extended PredictCBC models by adding additional genetic information
(e.g.: presence of the CHEK2 c.11700delC variant and a polygenic risk score based on
313 common genetic variants), and lifestyle and reproductive factors suggested to be
associated with contralateral breast cancer. We developed and validated PredictCBC-2.0
models using updated follow-up information. We also extended the study population
used to develop PredictCBC models including over 200,000 first primary breast cancer
patients from a wide range of European-descendent studies diagnosed from 1990 to
2017.Additional genetic information beyond BRCA1/2 germline mutation status improved
contralateral breast cancer risk prediction. PredictCBC-2.0 might therefore help tailor
clinical decision making towards contralateral preventive mastectomy or alternative
preventive strategies such as personalized screening or personalized treatments.

Inchapter 5 we compared the contralateral breast cancer riskamong patients diagnosed
with first primary invasive breast cancer and patients diagnosed with ductal carcinoma
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in situ, a potential precursor of cancer. We showed that the contralateral breast cancer
riskis slightly higher in patients with ductal carcinoma in situ compared to invasive breast
cancer patients using the Dutch cancer registry, a large population-based study in the
Netherlands. Around five out of 100 patients with ductal carcinoma in situ may develop
a contralateral breast cancer compared to around four patients among invasive breast
cancer patients within 10 years. We concluded that this slightly higher contralateral
breast cancer risk in ductal carcinoma in situ patients might be largely explained by
that adjuvant systemic therapies in ductal carcinoma are not currently prescribed for
ductal carcinoma in situ patients according to the current Dutch guidelines. This does
not imply that we should start treating ductal carcinoma in situ patients with adjuvant
systemic therapy since these patients have excellent prognosis and systemic therapy
might have severe side effects. However, contralateral breast cancer prediction models
may be useful for women with ductal carcinoma in situ as well to consider, for example,
less or more intensified screening.

Assessing prediction performance with survival outcomes: practical guidance

Prediction research focuses on the development of well performing prediction models
and on the assessment of their generalizability and applicability in clinical practice.
A risk prediction model may be developed using regression, a statistical technique
that estimates the relation between predictors and the outcome of interest (chapter
1). In many (breast) cancer studies, the outcome of interest is the time till an event
occurs. Survival analysis is one of the most popular types of time-to-event analysis
when the outcome is the survival time. When we study the occurrence of an event
(e.g.: contralateral breast cancer) in a group of people, a person might not experience
the event of interest over a certain time. In this case, survival time is censored. It might
also happen that another event, different than the endpoint of interest, may preclude
the event of interest from happening. For example, if we are studying contralateral
breast cancer in women diagnosed with first primary breast cancer, some of them may
die and those women will never be diagnosed with contralateral breast cancer since
another competing (in this case fatal) event (or risk) occurred in their lives. The most
common statistical regression models for survival analysis with or without competing
risks are the Cox proportional hazard regression and the Fine and Gray regression
model, respectively. These statistical regression models may be used to predict that
an event of interest (e.g.. contralateral breast cancer) may occur in a certain time in
the future (e.g.: within 10 years). Once a risk prediction model has been developed, it is
first important to assess its performance. At the first instance, it is common to assess
the prediction performance of a risk prediction in the same underlying population used
to develop the model. This process is defined as internal validation. External validation
refers to the evaluation of the prediction performance in a plausibly related population,
which requires an independent dataset which may differ in setting, time, or place. If
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the prediction performance is sufficiently accurate, the risk prediction model might be
applied in clinical practice to facilitate decision making (e.g.: by patient and physician
considering contralateral preventive mastectomy). A further aim of this thesis was to
provide guidance for assessing the prediction performance of time-to-event models
with or without competing risks using motivating examples in breast cancer (chapter 1).

In chapter 6, we provided guidance and recommendations for assessing prediction
performance of survival models. We described different measures that may be used
to assess the performance of a prediction model with a survival outcome. We made a
distinction between measures that can be used to assess the performance of predictions
for specific time points (e.g., 5- or 10-year survival) and over a range of follow-up time.
Prediction at specific time points will often be most relevant since clinicians and patients
are usually interested in prognosis within a specified time. We illustrated how to develop
a risk prediction model with survival outcome, how to assess its prediction performance
and clinical utility through internal and external validation using real breast cancer
datasets with the accompanying R and SAS software code.

In chapter 7, we provided an accessible overview of performance measures for a
comprehensive assessment of the performance of a competing risks prediction model.
We focused on how to validate a risk prediction model in the presence of competing
risks at a given prediction horizon, a specified duration of time over which predictions are
made (e.g., at 5 years). We extensively illustrated different methods on how to develop
a risk prediction model with competing risks and how to calculate and interpret its
prediction performance and clinical utility with illustration using a prediction model for
breast cancer recurrence, including accompanying R code. Both overviews in Chapter
6 and 7 were made on behalf of the international STRengthening Analytical Thinking for
Observational Studies (STRATOS) initiative (http://stratos-initiative.org), which aims to
provide accessible and accurate guidance documents for relevant topics in the design
and analysis of observational studies for a non-specialist audience.
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Het voorspellen van contralaterale borstkanker

Borstkanker is wereldwijd de meest voorkomende vorm van kanker onder vrouwen.
Hoewel de incidentie van borstkanker is toegenomen, is de 10-jaars overleving in Europa
verbeterd van ongeveer 40% in 1960 en 1970 tot bijna 80% in 2010. Deze verbetering kan
worden toegeschreven aan vroegere opsporing en betere behandelingen. De toename
in eerste primaire borstkankerdiagnoses impliceert dat er ook meer vrouwen het risico
lopen op het ontwikkelen van een tweede primaire tumor in de andere borst. Dit is
het geval omdat contralaterale borstkanker de meest voorkomende tweede primaire
kanker is onder vrouwen gediagnosticeerd met een eerste borstkanker; ongeveer 40-
50% van alle nieuwe tweede tumoren zijn contralaterale borsttumoren. Gemiddeld
ontwikkelen vier tot vijf van de 100 vrouwen met primaire borstkanker contralaterale
borstkanker binnen 10 jaar. Deze vrouwen hebben een slechtere prognose vergeleken
met patiénten met unilaterale borstkanker. Vrouwen met een eerste primaire
borstkanker en een hoog risico op contralaterale borstkanker kunnen kiezen voor een
contralaterale preventieve mastectomie, met het doel om het risico op het ontwikkelen
van contralaterale borstkanker zover mogelijk te beperken. In het geval dat vrouwen
een verhoogd risico hebben op contralaterale borstkanker, zoals voor vrouwen met
pathogene mutaties in de BRCAT- of BRCA2-genen of het CHECK2-gen, voor vrouwen
met een familiegeschiedenis in (bilaterale) borstkanker, wordt de optie om voor een
contralaterale preventieve mastectomie te kiezen actief besproken door clinici. Echter,
hoewel contralaterale preventieve mastectomie onnodig conservatief is voor een
groot deel van de borstkankerpopulatie zonder enige genetische aanleg, kiest een
toenemend aantal vrouwen met een laag risico op contralaterale borstkanker voor een
contralaterale preventieve mastectomie. Een geindividualiseerde voorspelling van het
risico op contralaterale borstkanker zou mogelijk nuttig kunnen zijn in de gezamenlijke
besluitvorming door artsen en patiénten met betrekking tot preventieve strategieén
voor vrouwen met een hoog risico op contralaterale borstkanker, en om mogelijk
onnodige contralaterale preventieve mastectomieén onder patiénten met een laag
risico te voorkomen. Eén van de doelen van dit proefschrift was om een voorspelmodel
voor het risico op contralaterale borstkanker te ontwikkelen en te valideren en om de
potentiele klinische bruikbaarheid van dit model te beoordelen (hoofdstuk 1).

In hoofdstuk 2 ontwikkelden en valideerden we een voorspelmodel voor het risico op
contralaterale borstkanker (PredictCBC). Voor dit onderzoek gebruikten we een grote
database bestaande uitzowelstudies onder algehele populaties als ziekenhuispopulaties,
welke met name uitgevoerd waren in Europa, de Verenigde Staten en Australié, en in
totaal meer dan 100.000 patiénten gediagnosticeerd met een eerste invasieve primaire
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borstkanker tussen 1990 en 2013 bevatte. PredictCBC schatte de 5- en 10-jaars risico’s
op het ontwikkelen van contralaterale borstkanker, met behulp van informatie over
de eerste primaire borstkanker, familiegeschiedenis en BRCAT/2-kiembaanmutaties.
We lieten zien dat de nauwkeurigheid waarmee PredictCBC voorspelde matig was.
PredictCBC kan mogelijk artsen ondersteunen in het maken van beslissingen over
preventieve strategieén, welke momenteel met name genomen worden op basis
van de aanwezigheid van BRCAT/2-kiembaanmutaties. Contralaterale preventieve
mastectomieén zouden zelfs onnodig kunnen zijn in bepaalde patiénten met BRCAT/2-
kiembaanmutaties, vooral voor patiénten met andere gunstige karakteristieken. Aan
de andere kant, preventieve strategieén zoals geindividualiseerde mammografische
screening zouden nodig kunnen zijn patiénten zonder BRCA1/2-kiembaanmutaties, met
name voor diegenen met ongunstige karakteristieken.

In hoofdstuk 3 vergeleken we de prestatie van het PredictCBC voorspelmodel met twee
andere modellen die momenteel gebruikt worden voor het voorspellen van het risico
op contralaterale borstkanker: de Manchester-formule en CBCrisk. De Manchester-
formule is een methodische formule die het risico op contralaterale borstkanker
gedurende de gehele levensduur schat, op basis van informatie uit een systematisch
literatuuronderzoek. CBCrisk is ontwikkeld op basis van data van 1.921 patiénten met
contralaterale borstkanker en 5.763 patiénten met een eerste primaire borstkanker.
CBCrisk is extern gevalideerd in twee onafhankelijke studies in de Verenigde Staten.
We valideerden de Manchester-formule en de risicomodellen voor contralaterale
borstkanker extern in de 20 studies die gebruikt zijn voor het ontwikkelen en valideren
van PredictCBC. We schatten dat alle drie de modellen matig accuraat waren in het
voorspellen van het geindividualiseerde risico op contralaterale borstkanker. Voor
individuele patiénten vonden we aanzienlijke heterogeniteit in voorspelprestaties
tussen de drie modellen. Deze verschillen weerspiegelen de heterogeniteit in
patiéntkarakteristieken en de bijpehorende verschillen in incidentie van contralaterale
borstkanker tussen landen. We concludeerden dat meer biologische en klinische
inzichten en het mogelijk toevoegen van genetische varianten, naast de BRCAT/2-
kiembaanmutaties, het voorspellen van het risico op contralaterale borstkanker zouden
kunnen verbeteren. Daarnaast zou dit de klinische besluitvorming met betrekking tot
preventie en vroege opsporing verder vorm kunnen geven. We moedigen een directere
vergelijking tussen de drie modellen aan, met behulp van grote externe databases
met complete informatie voor factoren die relevant zijn voor voorspelmodellen voor
contralaterale borstkanker.

In hoofdstuk 4 hebben we PredictCBC-modellen uitgebreid door extra genetische

informatie (bijvoorbeeld de aanwezigheid van de CHEK2 c¢.11100delC-variant en een
polygene risicoscore op basis van 313 veelvoorkomende genetische varianten), leefstijl
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en reproductieve factoren toe te voegen. We ontwikkelden en valideerden PredictCBC-
2.0-modellen met behulp van geupdate follow-upinformatie. We breidden daarnaast
de studiepopulatie die gebruikt was voor het ontwikkelen van de PredictCBC-modellen
uit, welke meer dan 200.000 patiénten met primaire borstkanker uit Europese
studiepopulaties bevatte (diagnose tussen 1990 en 2017). Het toevoegen van extra
genetische informatie, naast de BRCAT/2-kiembaanmutaties, verbeterde het voorspellen
van het risico op contralaterale borstkanker. Het implementeren van PredictCBC-2.0
zou daarom kunnen bijdragen aan het verbeteren van klinische besluitvorming met
betrekking tot preventieve mastectomie of alternatieve preventieve strategieén, zoals
gepersonaliseerde screening of gepersonaliseerde behandelingen.

In hoofdstuk 5 vergeleken we het risico op contralaterale borstkanker tussen patiénten
gediagnosticeerd met een eerste primaire invasieve borstkanker en patiénten
gediagnosticeerd met ductaal carcinoma in situ, een mogelijke voorloper van kanker. We
toonden aan dat het risico op contralaterale borstkanker licht verhoogd is in patiénten
met ductaal carcinoma in situ vergeleken met patiénten met invasieve borstkanker,
door gebruik te maken van de Nederlandse Kankerregistratie, een landelijke databank
met gegevens van kankerpatiénten in Nederland. Ongeveer vijf op de 100 patiénten
met ductaal carcinoma in situ ontwikkelt binnen 10 jaar contralaterale borstkanker,
tegen ongeveer vier patiénten onder 100 patiénten met invasieve borstkanker. We
concludeerden dat dit licht verhoogde risico op contralaterale borstkanker mogelijk
grotendeels veroorzaakt wordt doordat de huidige Nederlandse richtlijnen geen
adjuvante systemische therapieén voorschrijven voor patiénten met ductaal carcinoma
in situ. Dit betekent niet dat we patiénten met ductaal carcinoma in situ moeten gaan
behandelen met adjuvante systemische therapieén, aangezien deze patiénten een
excellente prognose hebben en systemische therapieén ernstige bijwerkingen kunnen
hebben. Echter, voorspelmodellen voor contralaterale borstkanker kunnen ook nuttig
zijn voor vrouwen met ductaal carcinoma in situ, bijvoorbeeld in het beslissen over de
intensiteit van screening,.

Het bepalen van de prestaties van voorspellingen met overlevingsuitkomsten:
praktische handvatten

Prediction research richt zich op het ontwikkelen van goed functionerende
voorspelmodellen en op het bepalen van hun generaliseerbaarheid en toepasbaarheid
in de klinische praktijk. Een risicovoorspelmodel kan ontwikkeld worden door regressie-
analyse te gebruiken, een statistische techniek die de relaties tussen voorspellers en
de bestudeerde uitkomst kan inschatten (hoofdstuk 1). In veel (borst)kankerstudies
is de bestudeerde uitkomst de tijd tot een event (een gebeurtenis zoals diagnose of
studie-uitval) zich voordoet. Survival analyse is één van de meest populaire typen time-
to-event-analyses als de uitkomst de periode van overleving is. Als we het voorkomen
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van een gebeurtenis (bijvoorbeeld: contralaterale borstkanker diagnose) in een groep
mensen bestuderen, dan kan het zijn dat een persoon de bestudeerde gebeurtenis in
een bepaalde periode niet meemaakt. In dat geval wordt de informatie over overleving
na die bepaalde periode niet meegenomen in de analyse (censored survival time). Het
kan ook gebeuren dat een andere gebeurtenis, anders dan de bestudeerde uitkomst,
uitsluit dat de bestudeerde uitkomst plaatsvindt. Bijvoorbeeld, als we geinteresseerd
zijn in het bestuderen van contralaterale borstkanker in een bepaalde groep vrouwen
die gediagnosticeerd is met een eerste primaire borstkanker, dan zullen sommigen van
hen overlijden. Deze vrouwen zullen nooit gediagnosticeerd worden met contralaterale
borstkanker, omdat een ander, competing event (in dit geval een fatale), of competing risk
in hun leven heeft plaatsgevonden. De meest gebruikte statistische regressiemodellen
voor survival analyse, met of zonder competing events, zijn respectievelijk het Cox
proportional hazard regressiemodel en het Fine & Gray regressiemodel. Deze statistische
regressiemodellen kunnen gebruikt worden om te voorspellen of een bestudeerde
gebeurtenis (bijvoorbeeld: contralaterale borstkanker) zal véérkomen in een bepaalde
periode in de toekomst (bijvoorbeeld: binnen 10 jaar). Als een risicovoorspelmodel
ontwikkeld is, is het eerst belangrijk de prestatie te bepalen. In eerste instantie is het
gebruikelijk om de voorspelprestatie te bepalen in de populatie die gebruikt is om het
model te ontwikkelen. Dit proces wordt interne validatie genoemd. Externe validatie
is het evalueren van de voorspelprestatie in een vergelijkbare onderzoekspopulatie,
waarvoor een onafhankelijke dataset nodig is die kan verschillen wat betreft
achtergrond, tijd, of plaats. Als de voorspelprestatie voldoende accuraat is, zou het
risicovoorspelmodel toegepast kunnen worden in de klinische praktijk om klinische
besluitvorming te faciliteren (bijvoorbeeld: door de patiént en arts die contralaterale
preventieve mastectomie overwegen). Een ander doel van dit proefschrift was om
handvatten te bieden voor het bepalen van de voorspelprestatie van time-to-event-
modellen, met of zonder competing risks, met behulp van voorbeelden toegepast op
borstkanker (hoofdstuk 1).

In hoofdstuk 6 bieden we handvatten en aanbevelingen voor het beoordelen van de
voorspelprestatie van survival modellen. We beschreven verschillende maten die gebruikt
kunnen worden om de prestatie van een voorspelmodel met overleving als uitkomst te
kunnen bepalen. We maakten onderscheid tussen maten die gebruikt kunnen worden
voor het bepalen van de prestatie van voorspellingen voor specifieke tijdstippen
(bijvoorbeeld: 5- of 10-jaars overleving) en voorspellingen voor over de gehele periode
waarvoor time-to-event gegevens beschikbaar zijn (follow-up time). Voorspellingen voor
specifieke tijdstippen zullen vaak het meest relevant zijn, omdat artsen en patiénten
meestal geinteresseerd zijn in de prognose binnen een bepaalde tijdsperiode. We
toonden aan hoe een risicovoorspelmodel met als uitkomst overleving te ontwikkelen,
hoe zijn voorspelprestatie en klinische bruikbaarheid te bepalen door interne en
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externe validatie, door gebruik te maken van bestaande borstkankerdatabases met de
bijpehorende code in R en SAS.

In hoofdstuk 7 boden we een toegankelijk overzicht van prestatiematen voor een
uitgebreide beoordeling van de prestatie van een voorspelmodel met competing
risks. We richtten ons op hoe we een risicovoorspelmodel konden valideren in de
aanwezigheid van competing risks gegeven een bepaalde voorspelhorizon, een
gespecificeerde tijdsduur waarover voorspellingen worden gemaakt (bijvoorbeeld: 5
jaar). We lieten uitgebreid verschillende methodes zien die gebruikt kunnen worden
voor het ontwikkelen van risicovoorspelmodellen met concurrerende risico’s en voor
het berekenen en interpreteren van voorspelprestatie en klinische bruikbaarheid,
gelllustreerd door een voorspelmodel voor de terugkeer van borstkanker, inclusief
bijpehorende code in R. Beide overzichten in hoofdstukken 6 en 7 werden gemaakt
namens het internationale STRengthening Analytical Thinking for Observational Studies
(STRATOS) initiatief (http:/stratos-initiative.org), die tot doel heeft het bieden van
toegankelijke en accurate richtlijnen voor onderwerpen die relevant zijn in het opzetten

en analyseren van observationele studies voor een niet-gespecialiseerd publiek.
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RIASSUNTO IN ITALIANO

[l tumore al seno o alla mammella (chiamato anche carcinoma mammario invasivo o
infiltrante) & il tumore piu frequente tra le donne di tutto il mondo. Questa patologia,
sebbene diagnosticata ad un numero sempre crescente di donne, nel corso degli anni
¢ diventata meno letale. Mentre nel 1960 la sopravvivenza a 10 anni dalla diagnosi era
di circa 4 donne su 10, attualmente piu di 8 donne su 10 riescono a soprawivere in
Europa a questa patologia. Questo sostanziale miglioramento & dovuto principalmente
alla diagnosi precoce, resa possibile dagli esami mammografici periodici, e alle modalita
di trattamento sempre piu avanzate e personalizzate. Se da un lato l'anticipazione
diagnostica e la soprawivenza a questa malattia sono migliorate nel tempo, dall'altro un
numero sempre maggiore di donne é potenzialmente a rischio di sviluppare un secondo
tumore al seno opposto, conosciuto anche come tumore al seno controlaterale.
Il tumore al seno controlaterale € un altro tumore primario (e non una recidiva del
primo tumore alla mammella) ed e il piU frequente secondo tumore che puo essere
diagnosticato tra le donne con un tumore alla mammella primario, rappresentando
circa il 50% di tutti i secondi tumori. In media, circa 4 o 5 donne su 100 sviluppano
un tumore anche nel rimanente seno sano entro 10 anni dalla diagnosi del primo, il
che comporta una riduzione di durata della sopravvivenza rispetto alle donne con una
diagnosi di un singolo tumore. Per questa ragione, donne con un tumore alla mammella
primario o ad alto rischio di sviluppare un tumore alla mammella anche nel seno sano
possono scegliere di effettuare la mastectomia preventiva controlaterale, ovverosia la
rimozione del seno sano dopo che l'altro seno e stato colpito da un tumore. In donne
con un elevato rischio di sviluppare un tumore al seno controlaterale, come quelle
con una chiara predisposizione genetica alla malattia (ad esempio portatrici di una
mutazione dei geni BRCAT e BRCA2 o nel gene CHEK?), la mastectomia preventiva e una
delle strategie preventive pil considerate tra medici e pazienti. Nonostante l'efficacia
della mastectomia preventiva non sia chiaramente provata soprattutto in assenza di
predisposizioni genetiche, un numero crescente di donne a basso rischio di sviluppare
un tumore al seno controlaterale decidono di sottoporsi alla mastectomia preventiva.
Una stima del rischio oggettiva e basata sulle caratteristiche individuali delle pazienti
puo guidare la scelta riguardante le misure preventiva da adottare nella pratica clinica.
Ad esempio, pazientiin cui viene riconosciuto un rischio elevato possono scegliere, dopo
opportuna valutazione e discussione con una équipe di professionisti, di rimuovere
completamente il seno sano attraverso la mastectomia, oppure possono optare di
effettuare ulteriori trattamenti o screening mammari personalizzati. Al contrario,
pazienti con basso rischio possono evitare di rimuovere il seno sano salvaguardandosi
da eventuali effetti collaterali dovuti allintervento chirurgico e potenziali impatti di
natura psicologica. L'obiettivo principale di questa tesi di dottorato & stato quello di
sviluppare un modello statistico che stimi il rischio di sviluppare un tumore al seno
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controlaterale, di valutarne la sua capacita predittiva e di stabilire la sua potenziale
utilita nel supportare e migliorare le scelte da intraprendere nella pratica clinica tra
medico e paziente (capitolo 1).

Nel capitolo 2 abbiamo sviluppato e validato un modello di rischio per il tumore al
seno controlaterale, da noi denominato PredictCBC. | dati, di popolazione o ricavati
da 20 studi clinici eseguiti principalmente in Europa, Stati Uniti d’America e Australia,
provengono complessivamente da piu di 100,000 donne con diagnosi di carcinoma
mammario diagnosticato tra il 1990 e il 2013. Il modello PredictCBC fornisce una
stima individualizzata del rischio di tumore al seno controlaterale a 5 e a 10 anni dalla
diagnosi del carcinoma mammario primario, utilizzando informazioni individuali di ogni
singola paziente quali: le caratteristiche del primo tumore al seno e dei corrispondenti
trattamenti; la familiarita, intesa come una precedente diagnosi di tumore al seno tra i
parenti di primo grado; la presenza di mutazione nei geni BRCA1/2. Abbiamo evidenziato
come la mastectomia (preventiva) del seno sano potrebbe essere non giustificata
perfino in alcune pazienti portatrici della mutazione nei geni BRCA1/2, specialmente tra
coloro che hanno altre caratteristiche favorevoli. D'altro canto, misure che prevengano
0 possano diagnosticare precocemente il tumore al secondo seno come mammografie
piu frequenti e personalizzate potrebbero essere utili anche alle donne senza
alcuna predisposizione genetica, qualora il rischio sia elevato per la presenza di altre
caratteristiche sfavorevoli.

Nel capitolo 3 abbiamo valutato la capacita previsionale del modello PredictCBC con
quella di altri due modelli, denominati “la formula di Manchester” e il modello “CBCrisk”,
anch’essi sviluppati per stimare il rischio di tumore al seno controlaterale e attualmente
disponibili in letteratura. La “formula di Manchester” & una formula euristica che
stima il rischio di sviluppare il tumore nel corso della vita nel rimanente seno sano
ed é stato messo a punto usando informazioni ricavate da una revisione sistematica
precedentemente pubblicata. Lo strumento “CBCrisk’, invece, é stato sviluppato
utilizzando dei dati di studi provenienti da una casistica raccolta negli Stati Uniti. La
comparazione fra questi tre strumenti e stata effettuata sui 20 studi precedentemente
accennati in merito allo sviluppo del nostro modello. Come risultato, abbiamo verificato
che mediamente tutti e tre gli strumenti forniscono una accuratezza previsiva moderata.
Abbiamo inoltre osservato una considerabile eterogeneita delle prestazioni previsive
tra i tre diversi strumenti in relazione alle differenze tra i vari studi per caratteristiche
delle pazienti incluse e per incidenza di malattia. Da tali evidenze abbiamo dedotto che
maggiori conoscenze biologiche, una migliore caratterizzazione clinica della malattia e
piu dettagliate informazioni genetiche potrebbero portare a prevedere meglio il rischio
di tumore al seno controlaterale e conseguentemente a migliorare le decisioni cliniche.
Anche la presenza di informazioni cliniche incomplete pud compromettere la capacita
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previsionale dei modelli, ed e quindi auspicabile che in futuro la loro raccolta avenga
con maggiore accuratezza.

Nel capitolo 4, abbiamo esteso il modello PredictCBC sviluppato nel capitolo 2
includendo ulteriori importanti informazioni associate alla patologia come informazioni
relative allo stile di vita (ad esempio, I'indice di massa corporea), fattori riproduttivi (ad
esempio, il numero totale di nascite dopo la gestazione), ed informazioni genetiche
come la presenza della mutazione nel gene CHEK2 e il valore del rischio poligenico. E stato
sviluppato e validato un modello statistico piu avanzato e aggiornato del precedente
(denominato PredictCBC-2.0) utilizzando dati pit aggiornati ed estesi che hanno incluso
piu di 200,000 pazienti. Abbiamo dimostrato che le ulteriori informazioni genetiche
incluse nel nuovo modello forniscono una stima del rischio pit accurata e potrebbero
quindi migliorare la scelta delle strategie preventive attualmente previste.

Nel capitolo 5, abbiamo comparato il rischio di tumore al seno controlaterale tra
le pazienti diagnosticate con il carcinoma mammario (invasivo o chiamato anche
infiltrante) e il carcinoma duttale in situ. Quest'ultimo tipo di carcinoma & considerato
una precancerosi, ovwero un fenomeno che potrebbe predisporre allo sviluppo di una
forma invasiva. Utilizzando il registro tumori dei Paesi Bassi contenenti informazioni
dettagliate riguardanti le pazienti, abbiamo stimato che il rischio di tumore al seno
controlaterale & leggermente piu alto tra le pazienti con il carcinoma duttale in situ
rispetto alle pazienti con il carcinoma mammario invasivo. Questo leggero aumento del
rischio di sviluppare un tumore al seno controlaterale tra le pazienti con il carcinoma
duttale in situ potrebbe essere attribuito al fatto che nei Paesi Bassi queste pazienti non
vengono trattate con terapie mirate (come la chemioterapia) che tendono in maniera
primaria ad aumentare la probabilita di guarigione e a ridurre principalmente il rischio
di potenziali recidive e metastasi, ma anche a contenere il rischio di un tumore al seno
sano. Questo non implica che queste pazienti dovrebbero essere trattate con queste
terapie mirate, soprattutto in virtu' del fatto che il carcinoma mammario in situ non
rappresenta un rischio per la vita e le terapie potrebbero avere effetti collaterali che
sopravanzano i benefici. Una piu dettagliata e oggettiva quantificazione del rischio di
tumore al seno controlaterale potrebbe essere utile anche per queste pazienti per
poter stabilire strategie di prevenzione piu mirate.

Guide pratiche per la valutazione delle prestazioni di previsione dei modelli di
rischio di sopravvivenza

L'ambito della ricerca scientifica che si occupa della stima del rischio ha come obiettivo
quello di sviluppare modelli previsivi accurati che possono essere applicabili nella pratica
clinica. Un modello per la previsione del rischio puo essere sviluppato utilizzando la
regressione, una tecnica statistica che cerca di comprendere un fenomeno utilizzando
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una serie di fattori (chiamati anche predittori). Ad esempio, se il fenomeno di interesse
e la comparsa di una patologia (come, ad esempio, il tumore al seno controlaterale), si
potrebbe essere interessati a comprendere come questa patologia sia legata all'eta.
In questo caso, l'occorrenza di tumore al seno controlaterale rappresenta il fenomeno
di interesse mentre l'eta e il predittore con il quale proviamo a comprendere meglio
questo fenomeno. In molti studi sul cancro, come ad esempio gli studi sul tumore al
seno, i ricercatori sono interessati a studiare il verificarsi di un determinato evento in un
prefissato periodo di tempo. Nel caso del tumore al seno controlaterale, il fenomeno di
interesse ¢ il tempo (misurato in anni) trascorso dalla diagnosi del primo tumore al seno
al secondo in un prefissato arco temporale (ad esempio a 5 0 10 anni dalla diagnosi del
primo tumore). Questo fenomeno configura un capitolo della statistica definito come
“analisi della soprawvivenza”, per il quale sono stati predisposti appropriati strumenti
di elaborazione. Secondo tale approccio, quando si studia un fenomeno che potrebbe
accadere nel corso del tempo in un determinato gruppo di individui, per alcuni individui
quel determinato evento potrebbe non accadere in un prefissato periodo di tempo. In
questo caso il tempo e definito come tempo censorizzato. Un altro scenario possibile
si verifica quando un altro fenomeno possa precludere il verificarsi dell'evento oggetto
di studio. Per esempio, se si e interessati a studiare il verificarsi del tumore al seno in
un prefissato periodo di tempo dopo la diagnosi del primo tumore, alcune pazienti
potrebbero purtroppo non soprawvivere (per causa diretta 0 una causa non legata alla
patologia di interesse). In questo caso, in queste pazienti non si potra mai diagnosticare
il tumore nel rimanente seno sano dato che un altro fenomeno (chiamato anche evento
o rischio competitivo) si verifica durante il corso della loro vita. | piu comuni modelli di
regressione per I'analisi della soprawivenza in assenza o in presenza di fenomeni/rischi/
eventi competitivi sono, rispettivamente, il modello di regressione di Cox e il modello
di Fine e Gray. Questi modelli possono essere utilizzati per prevedere il verificarsi di
un determinato evento di interesse in un prefissato periodo di tempo. Per esempio,
prevedere il rischio di tumore al seno controlaterale nei successivi 5 0 10 anni dalla
diagnosi del primo tumore al seno. Una volta che un modello di previsione del rischio
e stato sviluppato, e fondamentale valutarne la sua capacita e accuratezza previsiva. In
primo luogo, la capacita previsiva di un modello viene valutata nella stessa popolazione
utilizzata per sviluppare tale modello. Questo processo e definito come validazione
o valutazione interna. La validazione esterna, invece, si riferisce alla valutazione della
capacita e accuratezza di un modello previsivo in una popolazione diversa rispetto a
quella per il quale il modello e stato sviluppato. La valutazione esterna permette di
comprendere le ragioni per cui un modello € 0 non & generalizzabile in altre popolazioni
o in altri scenari. Se la capacita previsiva di un modello fosse sufficientemente accurata,
il modello previsivo potrebbe essere utile al fine di migliorare i processi decisionali nella
pratica clinica (come, ad esempio, la scelta riguardante la mastectomia controlaterale
preventiva). Un ulteriore obiettivo di questa tesi e stato di fornire delle guide pratiche per
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valutare la capacita previsiva di modelli di regressione per I'analisi della soprawivenza
in assenza o presenza di fenomeni/rischi/eventi competitivi utilizzando dati reali
nellambito del tumore al seno.

Nel capitolo 6, abbiamo fornito una guida pratica che aiuti a comprendere come
costruire un modello previsivo per fenomeni il cui studio rientra nellanalisi di
soprawvivenza. Successivamente abbiamo descritto come valutare la capacita previsiva
e come stimare la potenziale utilita di tali modelli nella pratica clinica, utilizzando dati
riguardanti pazienti con tumore al seno, e abbiamo reso disponibile il corrispondente
codice software per due linguaggi ampiamente utilizzati in ambito statistico, R e SAS.

Nel capitolo 7, abbiamo fornito una descrizione dettagliata e comprensibile delle
attuali misure utilizzate per valutare la capacita previsiva di un modello di analisi della
soprawvivenza in presenza di rischi competitivi. In particolare, abbiamo illustrato come
sviluppare un modello per il calcolo del rischio di un fenomeno in presenza di eventi
competitivi, come calcolare le diverse misure utili per valutarne capacita predittiva
e utilita clinica, utilizzando dati reali di pazienti con tumore al seno e fornendo il
corrispondente codice in R. Sia il capitolo 6 che il capitolo 7 sono stati scritti per conto
di unainiziativa internazionale denominata STRATOS, che ha l'obiettivo di fornire guide e
documentazioni accurate riguardanti argomenti di natura analitica ad un pubblico non
specializzato.

Definizioni:

Incidenza: rappresenta la proporzione di individui che vengono colpiti da una determinata
patologia in un determinato periodo di tempo. Misura il numero di nuovi casi nel periodo
di tempo e individua il rischio (cioé la probabilita) che ha un individuo di contrarre una
determinata patologia in quel periodo di tempo.

Rischio poligenico: é una misura che quantifica il potenziale rischio di sviluppare delle
patologie basata sui geni e si calcola combinando gli effetti di un gran numero di varianti
genetiche presenti nel genoma di ogni singolo individuo.
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