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Editor's Summary

 
 
 

of biomedical science to the clinic.
translationexpertise of contestants outside of traditional biological disciplines may be a powerful way to accelerate the 

investigation, teach us something about cancer biology. These examples support the notion that harnessing the
Challenge winners used a mathematical approach to identify biological modules that might, with continued 
of the antibody repertoire when the contest organizers translated the problem into generic language. In the BCC, the
example, in a recent contest, non-immunologists generated a method for annotating the complex genome sequence 
clinically relevant Challenges. But there is no doubt that the approach has value in solving big-data problems. For
contributions in the clinic. Indeed, DREAM and Sage Bionetworks have immediate plans to collaborate on new 

It also remains to be seen whether prize-based crowdsourcing contests can make varied and practical

tested.
may or may not be superior to existing gene expression profiling tests used in clinical practice. This remains to be
Challenge precompetition as well as a previously described first-generation 70-gene risk predictor. Thus, the result 
had to score better than a set of 60 different prognostic models developed by a team of expert programmers during a
question to be investigated must be framed so as to capture a significant outcome. In the BCC, participants' models 

The architecture of the Challenge itself is critical in determining the real-world importance of the result. The

scientific fields, communicating the science to an interdisciplinary audience is not a trivial endeavor.
computational platform to be used for peer review. Finally, because different conventions are used in divergent
TopCoder.com that can accommodate data sharing. Mechanisms for confidentiality would need to be built into any 
of time). In general, this requirement should not be an obstacle, as there are code-hosting sites such as GitHub and
the training and validation datasets for the BCC are available to readers via links into Synapse (for a six month period 
because Challenge-partner Sage Bionetworks had created a platform (Synapse) with this goal in mind. In fact, both
the ability to re-run each participant's code; in the context of the BCC, this requirement was easily achievable, 

haveReviewing such a model required that referees have access to the data and platform used for the Challenge and 
So what new knowledge was gained about reviewing an article in which the result is an active piece of software?

was subjected to advisory peer review after it was submitted to the journal.
and no publication. Last, the manuscript−−model, and if the criteria were not met, there would have been no winner

a so-called Challenge-assisted review. The editors also helped to develop criteria for determining the winning−−team
peer-reviewers, chosen by the editors, to be embedded within the challenge process, as members of the organizing
determining the meaningfulness of the outcome, the editors felt it was not. Thus, they chose to arrange for 
validity to substitute for traditional peer review. Because the specific conditions of a Challenge are critical in
built-in transparency and check on model reproducibility, would be sufficient evidence in support of the model's 

a form of ''academic currency.'' The editors pondered whether winning the Challenge, with its−−scholarly publication
possibility of publishing a Research Article that described the winning model. The Challenge prize would be a 

 about theScience Translational MedicineBefore the BCC was initiated, Challenge organizers approached 

ultimately fashioned the winning algorithm.
modeled various feature combinations, selecting ones that improved performance of their prognostic model until they
with multiple cancer types. Starting with these gene sets and some other clinical and molecular features, the team 

that the same research group had previously shown to be associated, in various ways,−−called attractor metagenes−−
., was based on sets of genes (signatures)et alnew breast cancer data set. The winning model, described by Cheng 

The winner of the Challenge was ultimately determined when a select group of top models were validated in a

leaderboard.
index (CI) of predicted death risks compared to overall survival in a held-out data set, and CIs were posted on a public
re-runnable source code. The predictive value of each model was assessed in real-time by calculating a concordance 
used it to train computational models that were then submitted to a common, open-access computational platform as
number data. Participants were given Web access to such data for 1981 women diagnosed with breast cancer and 
clinical information (age, tumor size, histological grade), genome-scale tumor mRNA expression data, and DNA copy
algorithm that could predict, more accurately than current benchmarks, the prognosis of breast cancer patients from 

participants competed to create an−−which was a step in the translational direction−−factor binding. In the BCC
example, modeling of protein-protein interactions for binding domains and peptides and the specificity of transcription 
cellular network inference and quantitative model building in systems biology.'' Previous Challenges involved, for
Challenges with the goal of catalyzing the ''interaction between theory and experiment, specifically in the area of 

conducts a variety of computational−−Dialogue for Reverse Engineering Assessments and Methods−−DREAM

Challenge design and scoring process formed the basis for a new style of publication peer review.
prognostic computational model that won the Challenge. In this experiment in scientific publishing, the rigor of the 

. outline the development of theet alinsights derived from its outcome. In the companion Research Article, Cheng 
Bionetworks/DREAM Breast Cancer Prognosis Challenge (BCC) describe the contest's conception, execution, and 

. (which was peer-reviewed in the traditional way), organizers of the Sageet alin biomedicine. In a Report by Margolin 
investigation into peer-review processes for competition-based crowdsourcing studies designed to address problems 

's editors the chance to conduct anScience Translational Medicinepublication of two unusual papers offered 
Although they no longer live in the lab, scientific editors still enjoy doing experiments. The simultaneous

DREAMing of Biomedicine's Future
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Although molecular prognostics in breast cancer are among the most successful examples of translating genomic
analysis to clinical applications, optimal approaches to breast cancer clinical risk prediction remain controver-
sial. The Sage Bionetworks–DREAM Breast Cancer Prognosis Challenge (BCC) is a crowdsourced research study
for breast cancer prognostic modeling using genome-scale data. The BCC provided a community of data ana-
lysts with a common platform for data access and blinded evaluation of model accuracy in predicting breast
cancer survival on the basis of gene expression data, copy number data, and clinical covariates. This approach of-
fered the opportunity to assess whether a crowdsourced community Challenge would generate models of breast
cancer prognosis commensurate with or exceeding current best-in-class approaches. The BCC comprised multiple
rounds of blinded evaluations on held-out portions of data on 1981 patients, resulting in more than 1400 models
submitted as open source code. Participants then retrained their models on the full data set of 1981 samples and
submitted up to five models for validation in a newly generated data set of 184 breast cancer patients. Analysis of
the BCC results suggests that the best-performing modeling strategy outperformed previously reported methods in
blinded evaluations; model performance was consistent across several independent evaluations; and aggregating
community-developed models achieved performance on par with the best-performing individual models.
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INTRODUCTION

Breast cancer is the leading female malignancy in the world (1) and is
one of the first malignancies for which molecular biomarkers have ex-
hibited promise for clinical decision making (2–5). Biomarkers can be
used to divide the disease into predictive (the likelihood that a patient
1Sage Bionetworks, 1100 Fairview Avenue North, MS: M1-C108, Seattle, WA 98109, USA.
2Functional Genomics and Systems Biology, IBM Computational Biology Center, P. O. Box
218, Yorktown Heights, NY 10598, USA. 3Institute for Genome Sciences & Policy, Duke
University, Durham, NC 27708, USA. 4Department of Surgery, Duke University School of
Medicine, Durham, NC 27710, USA. 5Department of Oncology, Division of Cancer, Surgery
and Transplantation, Oslo University Hospital, 0450 Oslo, Norway. 6Trialomics, LLC, Seattle,
WA 98103, USA. 7Google Inc., 651 North 34th Street, Seattle, WA 98103, USA. 8Genomics
Institute of the Novartis Research Foundation, San Diego, CA 92121, USA. 9Department of
Genetics, Institute for Cancer Research, Oslo University Hospital, The Norwegian Radium
Hospital, Montebello, 0310 Oslo, Norway. 10K.G. Jebsen Centre for Breast Cancer Research,
Institute for Clinical Medicine, Faculty of Medicine, University of Oslo, 0313 Oslo, Norway.
11Cancer Research UK, Cambridge Research Institute, Li Ka Shing Centre, Robinson Way,
Cambridge CB2 0RE, UK. 12Department of Pathology, Oslo University Hospital, 0450
Oslo, Norway. 13Department of Pathology, Drammen Hospital, Vestre Viken HF, 3004
Drammen, Norway. 14Department of Preventive Medicine, Keck School of Medicine,
University of Southern California, Los Angeles, CA 90033, USA. 15Department of Clinical
Molecular Oncology, DivisionofMedicine, AkershusUniversity Hospital, 1478Ahus, Norway.
16Molecular Oncology, British Columbia Cancer Research Centre, Vancouver, British Columbia
V5Z 1L3, Canada. 17Department of Pathology and Laboratory Medicine, University of British
Columbia, Vancouver, British Columbia V6T 1Z4, Canada. 18Genome Sciences Centre, BC
Cancer Agency, 675 West 10th Avenue, Vancouver, British Columbia V5Z 1L3, Canada.
19Cambridge Breast Unit, Addenbrooke’s Hospital, Cambridge University Hospital NHS
Foundation Trust and NIHR Cambridge Biomedical Research Centre, Cambridge CB2 2QQ,
UK. 20Cambridge Experimental Cancer Medicine Centre, Cambridge CB2 0RE, UK.
*Corresponding author. E-mail: margolin@sagebase.org (A.A.M.); friend@sagebase.org
(S.H.F.)
†These authors contributed equally to this work.
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responds to a particular therapy) or prognostic (a patient’s risk for a
defined clinical endpoint independent of treatment) subcategories.
Such molecular subcategorization highlights the possibilities for pre-
cision medicine (6), in which biomarkers are leveraged to identify
disease taxonomies that distinguish biologically relevant groupings
beyond standard clinical measures and can potentially inform treat-
ment strategies.

A decade after early achievements in the development of prog-
nostic molecular classifiers (called signatures) of breast cancer based
solely on gene expression analysis (4, 5, 7), a large number of signa-
tures proposed as markers of clinical risk prediction either fail to surpass
the performance of conventional clinical covariates or await meaning-
ful prospective validation [for example, the MINDACT (8, 9) and
TAILORx/RxPONDER (10) trials]. Although gene expression–based
breast cancer prognostic tests have been successfully implemented
in routine clinical use, the application of molecular data to guide clin-
ical decision making remains controversial (11).

Slow progress to evolve useful molecular classifiers may relate to
poor study design, inconsistent findings, or improper validation studies
(12). Data and code that underlie a potential new disease classifier are
often unavailable for diligence. In addition, the rigor and objectivity of
assessing molecular models are confounded by the tendency of data
generation, data analysis, andmodel validation to be combined within
the same study. This leads to the “self-assessment trap,” in which the
desire to demonstrate improved performance of a researcher’s own
methodology may cause inadvertent bias in elements of study design,
such as data set selection, parameter tuning, or evaluation criteria (13).
ienceTranslationalMedicine.org 17 April 2013 Vol 5 Issue 181 181re1 1
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A potential response to such problems is leveraging the Internet,
social media, and cloud computing technologies to make it possible
for physically distributed researchers to share and analyze the same
data in real time and collaboratively iterate toward improved models
based on predefined objective criteria applied in blinded evaluations.
The Netflix competition (14) and X-Prize (15) have successfully dem-
onstrated that crowdsourcing novel solutions for data-rich problems
and technology innovation is feasible when substantial monetary incen-
tives are offered to engage the competitive instincts of a community of
analysts and technologists. Alternatively, a game-like environment has
been used to seek solutions to biological problems, such as protein
(16) and RNA folding (http://eterna.cmu.edu/web), thereby appealing
to a vast community of gamers. Others have demonstrated that both
fee-for-service [Kaggle (17) and Innocentive (18)] and open-participation
computational biology challenges (19) [CASP (20) and CAFA (21)] can
be used as potential new research models for data-intensive science.
Despite the wide breadth of areas covered by these competitions, a
key finding is that the best models from a competition usually out-
perform analogous models generated using more traditional isolated
research approaches (14, 17).

Building on the success of crowdsourcing efforts such as DREAM
to solve important biomedical research problems, we developed and
ran the Sage Bionetworks–DREAM Breast Cancer Prognosis Chal-
lenge (BCC) to determine whether predefined performance criteria,
real-time feedback, transparent sharing of source code, and a blinded
final validation data set could promote robust assessment and im-
provement of breast cancer prognostic modeling approaches. The
BCC was designed to make use of the METABRIC data set, which
contains nearly 2000 breast cancer samples with gene expression and
copy number data and clinical information. The availability of such a
large data set affords the statistical power required to assess the robust-
ness of performance of many models evaluated in independent tests,
but is subject to the trade-off of using (overall) survival time in a his-
torical cohort as the clinical endpoint, rather than potential endpoints
that could be driven by clinically actionable criteria, such as response
to targeted therapies. Therefore, the aim of this Challenge was not di-
rect clinical deployment of a full-fledged suite of complex biomarkers.
Indeed, we expect this study to serve as a pilot that lays the ground-
work for future breast cancer challenges designed at the outset to
answer clinically actionable questions. With this in mind, the BCC re-
sulted in the development of predictive models with better perform-
ance than standard clinicopathological measures for prediction of
overall survival (OS). The performance of these models was highly
consistent across multiple blinded evaluations, including a novel val-
idation cohort generated specifically for this Challenge.
RESULTS

The BCC included 354 registered participants from more than 35
countries. Participants were tasked with developing computational
models that predict OS of breast cancer patients based on clinical in-
formation (for example, age, tumor size, and histological grade; see
Table 1), mRNA expression data, and DNA copy number data. The
BCC used genomic and clinical data from a cohort of 1981 women di-
agnosedwith breast cancer (theMETABRICdata set) (22) and provided
participants with authorized Web access to data from 1000 samples
as a training data set, and held back the remaining samples as a test data
www.Sc
set (see Materials and Methods for more details on the Challenge de-
sign). Participants used the data to train computational models on their
own standardized virtual machine (donated to the Challenge by Google)
and submitted their trainedmodels to the Synapse computational plat-
form (23) as an R binary object (24) and rerunnable source code, where
they were immediately evaluated. The predictive value of each model
was scored by calculating the concordance index (CI) of predicted death
risk compared toOS in a held-out data set, and theCIswere posted on a
real-time leaderboard (http://leaderboards.bcc.sagebase.org). The CI
is a standard performance measure in survival analysis that quantifies
the quality of ranking risk predictors with respect to survival (25). In
essence, given two randomly drawn patients, the CI represents the
Table 1. Clinical characteristics of METABRIC and OsloVal data sets.
NA, not available.
Categories
ienceTranslationalMedicine.org 17 Ap
METABRIC
ril 2013 Vol 5 Issue 181 181
OsloVal
Cohort size
 1981
 184
Age, years (%)
≤50
 21.4
 33.1
50–60
 22.5
 18.5
≥60
 56.1
 48.4
Tumor size, cm (%)
≤2
 43.3
 38.0
2–5
 48.2
 42.4
≥5
 7.5
 7.1
NA
 1.0
 12.5
Node status (%)
Node negative
 52.3
 49.5
1–3 nodes
 31.4
 21.2
4–9 nodes
 11.4
 9.8
≥10 nodes
 4.6
 8.2
NA
 0.3
 11.3
ER status (%)
ER+
 76.3
 60.9
ER−
 23.7
 39.1
PR status (%)
PR+
 52.7
 21.2
PR−
 47.3
 78.8
HER2 copy status (%)
HER2 amplification
 22.1
 13.6
HER2 neutral
 72.6
 86.4
HER2 loss
 5.0
 0.0
NA
 0.3
 0.0
Tumor grade (%)
1
 8.6
 6.5
2
 39.1
 37.0
3
 48.1
 30.4
NA
 4.2
 26.1
re1 2
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probability that a model will correctly predict which of the two patients
will experience an event before the other (for example, a CI of 0.75 for a
model means that if two patients are randomly drawn, the model will
order their survival correctly three of four times).

Throughout the 3-month orientation and training phases of the
Challenge (phases 1 and 2, respectively), participants collectively
submitted more than 1400 predictive models, 1400 of which success-
fully executed from the submitted binary object andwere assigned CI
scores in the test data set (Fig. 1). One unique characteristic of this
Challenge with respect to previous biomedical research Challenges
was that each participant’s source code was available for others to
view and adapt in new models. At the end of the training phase, par-
ticipants were given the opportunity to train five models each on all
1981METABRIC samples. The overall Challenge was determined in
the final phase (phase 3) by assessing up to five models per partici-
pant or team (see table S3 for a listing of those members of the Breast
Cancer Challenge Consortium who submitted at least one model to
phase 3 and requested to have their name and affiliation listed) against
a newly generated breast cancer data set consisting of genomic and
clinical data from 184 women diagnosed with breast cancer (the
“OsloVal” data set) (see Materials and Methods for details on how to
access theMETABRIC andOsloVal data sets). The participant or team
with the best-performing model in the new data set was invited to
publish an article about the winning model in Science Translational
Medicine, provided it exceeded the scores of preestablished bench-
mark models, including the first-generation 70-gene risk predictor
www.Sc
(4, 7) and the best model developed by a group of expert researchers
in a precompetition (26). This pioneering mechanism of Challenge-
assisted peer review assessed performance metrics in a blinded valida-
tion test, and these results were the foremost criterion for publication
in the journal.

The METABRIC and the OsloVal data sets were comparable in
terms of their clinical characteristics (Table 1). Roughly three-quarters
of the patients were estrogen receptor–positive (ER+), and about half
were lymph node–negative (LN−). The patients from the METABRIC
and OsloVal cohorts received combinations of hormonal, radio-, and
chemotherapy, and none were treated with more modern drugs such
as trastuzumab, which specifically targets the human epidermal growth
factor receptor 2/neu (HER2/neu) receptor pathway (27).

In phase 2 of the Challenge, participants trained on 1000 samples
and obtained real-time feedback on model scores (CIs) in a held-out
500-sample test set (phase 1 results are displayed on the original leader-
board and are not discussed here). A reference model using a random
survival forest (28) trained on the clinical covariates and genomic data
was provided as a baseline. Models submitted by Challenge participants
quickly exceeded the performance of this baseline model and steadily
improved over time (Fig. 2A), although we note that the improvement
was modest compared to the baseline model (Fig. 2A, inset).

At the end of phase 2, all models in the leaderboard were evaluated
against 481 hidden validation samples from the METABRIC data set.
Given that more than 1400 models were submitted, there was concern
that improvement in model scores resulted from overfitting to the test
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Final validationModel training

5 December
Final model
submission

14 November
Top 2 teams
attend DREAM SF
conference

31 August
$ prize for
code-sharing

Phase 1 Phase 2 Phase 3

Challenge orientation

renormalized

METABRIC OsloVal

15 October
Fixed Leaderboard

Pre-15 October
live leaderboard

{Orientation
live leaderboard

{METABRIC

OsloVal final
scores posted

21 January

17 July: Launch
150 registrations

3 August
226 registered
> 22 countries
> 150 models

1 Sept.
Monthly winner:
Attractor Metagene

1 October
Monthly winner:

Attractor Metagene

> 1400 models

Training set 997, Test set 500 Training set 1000, Test set 500, Final set 481

25 September
Unlimited phase 
2 submissions 
end

84 models

Fig. 1. Timeline and phases of BCC. At initiation (phase 1), a subset of
the METABRIC data set was provided along with orientation on how to use

leaderboard that provided real-time scores for each submission against
the held-out test set of 500 samples. At the conclusion of phase 2 on
the Synapse platform for accessing data and submitting models and source
code. Phase 2 provided a new randomization of samples, to eliminate
biases in the distribution of clinical variables across training and test data,
and renormalization of METABRIC mRNA expression and DNA copy num-
ber data, to reduce batch effects and harmonize data with the OsloVal data
used in phase 3. During phase 2, there was a live “pre–15 October 2012”
15 October 2012, all models in the leaderboard were tested against the
remaining held-out 481 samples. In the final validation round (phase 3),
participants were invited to retrain up to five models on the entire
METABRIC data set. Each model was then assigned a final CI score and
consequently a rank based on the model’s performance against the inde-
pendent OsloVal test set.
ienceTranslationalMedicine.org 17 April 2013 Vol 5 Issue 181 181re1 3
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set used to provide real-time feedback. However, the performance of
most models in the new test set was consistent with the performance
of the samemodels in the previous test set, with comparable score ranges
(Fig. 2, B and C; Pearson correlation: 0.90). A similar outcome was ob-
served for the five models from every team that were evaluated against
the OsloVal data set, after being trained on the 1981 samples in the
METABRIC data set. Again, there was little evidence of overfitting when
compared to the previous METABRIC test scores (Fig. 2D; Pearson cor-
relation: 0.59), especially for models ranked in the top quantile.

After participants trained and selected their final models, and after
eliminating the ones that could not be evaluated because of run time
errors, a total of 83 models were assessed and scored against the newly
www.Sc
generated OsloVal data set. The winning team had three similar
models that performed consistently better than all other scored models.
The robustness of the final ranking was evaluated by sampling, with-
out replacement, 80% of the validation set 100 times. Figure 3 shows
box plots of the rankings obtained by each model across all trials
ordered by the initial scores on all 184 OsloVal samples. The top three
models belong to the same team and are ranked significantly better
than the rest. The top model achieved a CI of 0.7561 [P = 5.1 × 10−28

compared to the fourth-rankedmodel, byWilcoxon rank-sum test (29)].
The BCC top-scoring model also significantly outperformed the top

model developed during a pilot precompetition phase (26) in which
BCC organizers tested 60 different models based on state-of-the-art
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Fig. 2. BCC through time. (A) During phase 2, the highest-scoring model
scores were recorded for each date until the leaderboard was closed. Each

evaluated against (i) the first test set of 500 samples (blue), (ii) the second
test set of 481 samples (yellow), and (iii) the OsloVal data set (red). The
colored segment represents a top-scoring team at any given point for
the period extending from late September 2012 until the final deadline
of phase 2 (15 October 2012). The plot records only the times when
there was an increase in the best score, whereas the teams that
achieved this score are labeled with different colors. The sequence of
colors highlights an important aspect of the real-time feedback, where
teams were encouraged to improve their models after being bested on
the leaderboard by another team. Inset, the same plot with a y-axis scale
ranging from of 0.5 to 1.0 maximum CI. (B) Probability density function
plots of model scores posted on the live pre–15 October leaderboard
null hypothesis probability density, which corresponds to random predic-
tions evaluated against the OsloVal data set, is shown in purple. (C) Scatter
plot of pre–15 October 2012 model performance versus 15 October 2012
performance. Colors represent quantiles, meaning that the ordered data
are divided into four equal groups numbered consecutively from the
bottom-scoring models (1) to the top-scoring models (4) for pre–15 Octo-
ber model performance. (D) Scatter plot of pre–15 October 2012 model
performance versus final OsloVal performance. Colors represent quantiles
of pre–15 October model performance. Asterisk represents the highest-
scoring submitted model.
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machine learning approaches and clinical feature selection strategies.
The best model from the precompetition used a random survival forest
trained on the clinical feature data in addition to a genomic instability
index derived from the copy number data.

The top-scoring model from the precompetition would have ranked
as the sixth best model in the Challenge and achieved a CI of 0.7408
(Wilcoxon paired test, P = 4.33 × 10−18 compared to the winning
model from the Challenge) when trained on the full METABRIC data
set and evaluated in the OsloVal data. For comparison, a research ver-
sion of a 70-gene risk signature (4) was also evaluated in the OsloVal
cohort and achieved a CI of 0.60. In addition, two more test models
were developed that included only the clinical covariates available for
the two data sets (listed in tables S1 and S2). The first model was based
on boosted regression (30) and achieved a CI of 0.7001 on the valida-
tion data set, whereas the second model used random forest regression
(28) and achieved a score of 0.6964. The winning Challenge model
achieved a score of 0.7562, significantly higher than the two clinical-
only models (Wilcoxon paired test, P = 6.1 × 10−32 for both).

Meta-analyses of predictions submitted to past DREAM Challenges
have systematically demonstrated (31–34) that the ensemble predic-
tions resulting from the aggregation of the predictions of some or all
the models usually perform similarly or even better than the best
model. This phenomenon has been called the “wisdom of the crowds”
and highlights one of the advantages of enabling research communi-
ties to work collaboratively to analyze the same data sets. The wisdom
www.ScienceTranslationalMedicine.org 17
of the crowds was also at play in
BCC (Fig. 4). For both cohorts, par-
ticipants’ predictions were aggre-
gated by calculating a community
prediction formed by taking the av-
erage predicted rank of each patient
across top n models for n = 1 … 83
(Fig. 4, A and B). Even when adding
very poor predictions to the aggre-
gate, the resulting score was robust
and comparable with the top models.
Robust predictors were also achieved
by constructing community scores
based on random subsamples ofmod-
els (Fig. 4, C and D).

We evaluated model perform-
ance to determine whether there
were specific clinical cases that are
inherently more difficult to predict
in terms of prognosis. We conducted
analysis of variance (ANOVA) analy-
ses by separating the patients from
the OsloVal cohort based on the fol-
lowing clinical variables: age (≤50
years versus >50 years), tumor size
(≤2 cm versus >2 cm), tumor grade
(grades 1, 2, and 3), LN status (LN−,
1 to 3 positive LNs, 4 to 9 positive LNs,
>9 positive LNs), ER status (ER+ ver-
sus ER−), progesterone receptor status
(PR+ versus PR−), HER2/neu receptor
amplification status (HER2+, HER2−),
and OS (<5 years, 5 to 10 years, or
>10 years). Of all variables considered (Fig. 5), tumor grade, LN status,
OS, age, and tumor size were significantly associated with model per-
formance (F test P values: 1.7 × 10−36, 1.1 × 10−38, 8.0 × 10−26, 9.0 × 10−7,
and 5.0 × 10−5, respectively).

Breast cancer patients with high-grade tumors and large num-
bers of positive LNs (>9) were associated with low CI scores (Fig. 5,
B and C) and explain more than 40% of CI variance (Fig. 5A),
suggesting that the OS of breast cancer patients with aggressive tu-
mors is harder to predict. By contrast, there was no significant asso-
ciation between model performance and ER, PR, or HER2 status
(Fig. 5E).
DISCUSSION

The BCC was an exercise in crowdsourcing that constitutes an open
distributed approach to develop predictive models with the future
potential to advance precision medicine applications. By creating a
large, standardized breast cancer genotypic and phenotypic resource
readily accessible via Web services and a common cloud computing
environment, we were able to explore whether the open sharing of
predictors of disease within a Challenge environment encourages the
sharing of models and ideas before publication and whether decou-
pling of data creation, data analysis, and evaluation would minimize
analytical and self-assessment biases.
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Random subsampling testing of rank stability: Final OsloVal models

Final rank in OsloVal 1 - 83 (left to right)
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Fig. 3. Rank stability of final models. The OsloVal test data were randomly subsampled 100 times using
80% of the samples. Model rank was recalculated at each iteration. Models are ordered by their final posted

leaderboard score (P values for the top three models, which were submitted by the same team, versus the
fourth place model were as follows = 5.1 × 10−28, 1.8 × 10−22, and 1.7 × 10−20 by Wilcoxon rank-sum tests).
With these box plots, the middle horizontal line represents the median, the upper whisker extends to the
highest value within a 1.5× distance between the first and third quantiles, and the lower whisker extends to
the lowest value within a 1.5× distance. Data beyond the ends of the whiskers are outliers plotted as points.
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Scientific conclusions from the Challenge
Improved model performance. The BCC results show that the

best-performing model achieved significant CI improvements over cur-
rently available best-in-class methodologies, including the best model
developed by a group of experts in a precompetition and a 70-gene risk
signature. We note that the first-generation 70-gene risk signature used
for comparison was designed as a binary risk stratifier for a specific pa-
tient subpopulation and should be viewed as a baseline and sanity check
rather than a direct comparison. More significantly, the best-performing
model (as well as slight variants of the same model submitted by the
same BCC team) consistently outperformed all other approaches in
three independent rounds of assessment and across multiple data sets.
The top-scoring models used a methodology that minimized overfit-
ting to the METABRIC training set by defining a “Metagene” feature
space based on robust gene expression patterns observed in multiple
external cancer data sets (35).

Robustness and generalizability of model performance. Our
post hoc analysis suggests that the potential for training models overfit
www.Sc
to the test set was not a significant confounding factor, even when par-
ticipants were allowed to submit an unlimited number of models and
obtain real-time scores for each submission. Comparison of the same
models across multiple rounds of evaluation suggests a surprising degree
of consistency between the unlimited submission phase and independent
evaluations in the held-out METABRIC data and newly generated
OsloVal data. This is especially remarkable because the OsloVal samples
were collected from a different geographical location, by a different team,
at a different time, and for a different purpose—in contrast to studies
such as MAQC-II (36), in which the test sets and training sets were
collected and processed by the same team and organization.

The distribution of CI scores improved with each round of evalua-
tion, and the highest-scoring models in the OsloVal evaluation
achieved higher CI scores than any of the 1400 models evaluated in
either of the METABRIC phases. This apparent counterintuitive result
can likely be explained by the fact that the average follow-up time for
the OsloVal cohort is 4541 days, much longer than the average follow-
up time of 2951 days for METABRIC. The rate of censored events is also
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Fig. 4. Individual and community scores for METABRIC and OsloVal.
(A) Individual model scores are ordered by their rank on the pre–15 October

org/pre_oct15/index.html) are plotted alongside the community ag-
gregate scores obtained when 5, 10, 20, and 50 randomly chosen models
2012 METABRIC leaderboard (red line). For each model rank (displayed
on the x axis), the blue line plots the aggregate model score based on
combining all models less than or equal to the given rank. (B) Individ-
ual and aggregate model scores based on evaluation in the OsloVal data
set. (C) Individual model scores (that is, community = 1) from the pre–15
October 2012 METABRIC leaderboard (http://leaderboards.bcc.sagebase.
were considered. (D) Individual model scores (that is, community = 1)
from the final OsloVal leaderboard (http://leaderboards.bcc.sagebase.
org/final/index.html) are plotted alongside the community aggregate
scores obtained when 5, 10, 20, and 50 randomly chosen predictions were
considered. The colors correspond to community size: red = 1, yellow = 5,
green = 10, blue = 20, purple = 50.
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lower in OsloVal (27.7%) than in METABRIC (55.2%); therefore, the
proportion of long-term survivors scored in OsloVal is larger than that
in the METABRIC validation set. Because the long-time survivors are
better predicted (Fig. 5D) than the short-term survivors, the CIs asso-
ciated with the METABRIC data are biased to shorter-time survivors
and lower CIs.

The consistency of model scores across our three evaluations does
not conclusively rule out some degree of overfitting, and, as with any
scientific study, the generality of our findings will be continuously re-
fined through sustained scrutiny in subsequent studies throughout the
research community. However, the consistency of model performance
across independent evaluations provides strong initial evidence that
the findings of our study are likely to generalize to unseen data.

Robust performance of community models. Consistent with
results of previous DREAM Challenges (31–34), the current study sug-
gests that community models, constructed by aggregating predictions
across many models submitted by participants, achieve performance
on par with the highest-scoring individual models, and this high
www.Sc
performance is remarkably robust to the inclusion of many low-scoring
models into the ensemble. This result suggests that crowdsourcing a
biomedical prediction question as a Challenge and using the com-
munity prediction as a solution is a fast and sound strategy to attain
a model with strong performance and robustness. Intuitively, such an
approach leverages the best ideas from many minds working on the
same problem. More specifically, different approaches that accurate-
ly model biologically relevant signals are likely to converge on similar
predictions related to the true underlying biology, whereas errant pre-
dictions resulting from erroneous approaches are less likely to be
consistent. Thus, ensemble models may amplify the true signals that
remain consistent across multiple approaches while decreasing the
effects of less-correlated errant signals.

Contributions of BCC to the community
Challenge design. In designing BCC to incentivize crowdsourced

solutions that might improve breast cancer prognostic signatures, our
aims included continuous participant engagement throughout the
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Fig. 5. Modelperformanceandclinical characteristics. (A) Percentageof CI
variance explained by each clinical variable. (B) CIs were calculated for OsloVal

by follow-up time (OS). (E) CIs were calculated for OsloVal models according
to subsets of patients by age, ER status, and HER2 status. Patients were divided
models according to subsets of patients by histological grade. (C) CIs were
calculated for OsloVal models according to subsets of patients by LN status.
(D) CIs were calculated for OsloVal models according to subsets of patients
into subsets according to each of the above clinical characteristics. Individual
model predictions were generated for patients belonging to each subset, and
the CI was calculated by comparison with the actual survival for each patient.
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Challenge, computational transparency, and rewarding of model gen-
eralizability. To accomplish these aims, respectively, we provided a
framework that allowed users to make submissions and obtain real-
time feedback on their performance, required submission of source
code with each model, and provided multiple rounds of evaluation
in independent data sets.

A common framework for comparing and sharing models.
The model evaluation framework and CI scores calculated for models
submitted during the Challenge provide a baseline set of model scores
against which emerging tests, such as the PAM50 (37) risk of recur-
rence score and future prognostic models, may be compared.

The requirement for submission of publicly available source code
provided an additional level of transparency compared to the typical
Challenge design, which requires users to submit a prediction vector
output from their training algorithm. We envision that sharing source
code from multiple related predictive modeling Challenges will give
rise to a community-developed resource of predictive models that is
extended and applied across multiple projects and that might facilitate
cumulative scientific progress, in which subsequent innovations build
off of previous ones. It was encouraging to discover that participants
learned from both well-performing and poorer-performing models.
For example, the top-performing team consistently used the discus-
sion forum to share with the other teams the prognostic ability of their
Metagene features. Some of the other teams used aspects of the best-
performing team’s code to improve their submissions, which in turn
gave feedback to the best-performing team on the use of their methods
by the other challenge participants.

Innovations from the community. Through the transparent code
submission system and communication tools, such as a community
discussion forum, the Challenge resulted in numerous examples of
sharing and borrowing of scientific and technical insights between
participants. At one point, we tested whether a cash incentive could
be used to promote collaborative model improvement and offered a
$500 incentive to any participant who could place atop the leader-
board by borrowing code submitted by another participant (in ad-
dition to $500 to the participant whose code was borrowed). In less
than 24 hours, a participant achieved the highest-scoring model by
combining the computational approaches of the previously highest-
scoring model with his clinical insight of modeling LN status as a con-
tinuous, rather than binary, variable. Unanticipated innovations also
emerged organically from the community, including an online game
within a game (http://genegames.org/cure), in which a player and a
computer avatar successively select genes as input features to a pre-
dictive model, until one model is deemed statistically significantly
superior to the other in predicting survival in the held-out data sets.
This game attracted 120 players within 1 week, who played more than
2000 hands.

Limitations and extensions for future Challenges
The design of BCC included a number of simplifying assumptions
intended to define a tractable prediction problem and evaluation cri-
terion. However, it would be beneficial to account for biological and
analytical complexities that were obscured by simplifications made in
our experimental design.

First, we evaluated all models on the basis of a single metric, CI,
which represents the most widely used statistic for evaluating sur-
vival models. However, a more complete assessment of advantages
and disadvantages of each model would include additional crite-
www.Sc
ria, such as model run time, trade-offs between sensitivity and spe-
cificity, or metrics more closely tied to the clinical relevance of a
prognosticator.

Second, our choice to evaluate survival predictions across all sam-
ples in the cohort may obscure identification of models with advantages
in particular breast cancer subtypes.

Third, by providing participants with normalized data, we tested
only for modeling innovations given predefined input data, but did
not assess different methods for data quality control and standardiza-
tion that could contribute substantially to model improvements. A
useful future Challenge design may allow participants to submit alter-
native methods for preprocessing raw data.

Fourth, we chose to evaluate models on the basis of OS. Other clin-
ical endpoints, such as progression-free survival, are not currently
available in the data sets used in BCC but may represent better evalu-
ation endpoints if made available in the future. We chose OS over the
other clinical endpoint available in the data set, disease-specific (DS)
survival, to be consistent with decisions (38) by regulatory agencies
such as the U.S. Food and Drug Administration and the European
Medicines Agency. However, because of informal feedback we received
from participants—that use of DS survival yielded more accurate
models—we reevaluated all models and supported a separate explor-
atory leaderboard based on this metric. The model performance on
this leaderboard suggested that using DS rather than OS as the clinical
endpoint yielded improved CI scores, increased correlation with mo-
lecular features, and decreased correlation with confounding variables
such as age. However, the best-performing models were consistent
across both metrics.

Fifth, although prognostic models are one translational question,
future Challenges that focus more directly on inferring predictive mod-
els of response to therapy may more directly affect clinical decision
making. A laudable goal for future Challenges would be to directly en-
gage the patient community and provide means to submit their own
samples, help define questions, work alongside Challenge participants,
and provide more direct feedback on how Challenge results can yield
insights able to translate to improved patient care. In addition, provid-
ing large high-quality data sets (often prepublication) to a “crowd” of
analysts is not common practice in academia and industry. However,
such contributions by data generators would provide the necessary
substrate for running such Challenges, with a potentially high im-
pact on biomedical discovery.

Sixth, although statistically significant, the BCC results show that
the improvement of the best-performing model is moderate with re-
spect to the score achieved by aggregating standard clinical infor-
mation. Thus, whereas molecular prognostic models derived from
BCC warrant further investigation into their clinical utility, our re-
sults also suggest a new benchmark for future predictive methods
derived from incorporating clinical covariates into state-of-the-art
ensemble methods such as boosting or random forests. Future Chal-
lenges also may investigate the use of additional types of genomic
information.

Finally, the sharing of ideas enabled by requiring submissions as
rerunnable source code may ironically inhibit the diversity of innova-
tions, effectively encouraging a monoculture as the community con-
verges on a local optimum, modifying and extending approaches with
high performance in the early stages of feedback (39). Improvements
for future Challenges may include short embargo periods before
sharing source code, with release possibly associated with declaring
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winners in stages of sub-Challenges with slightly modified data or
prediction criteria. In addition, future Challenges that promote code
sharing should establish well-defined criteria for assigning proper at-
tribution (for example, in publication of winning models resulting
from the Challenge) to all participants who made material intellectual
contributions that were incorporated into the final winning model.
More generally, it is important to develop a reward system that favors
collaborative research practices that balance the currently prevalent
winner-takes-all reward system.

Our results reinforce the trend from efforts such as CASP, DREAM,
and others that Challenges incentivize collaboration and rapid learn-
ing, create iterative solutions in which one Challenge may feed into
follow-up Challenges, motivate the generation of new data to answer
clinically relevant questions, and provide the means for objective criteria
to prioritize approaches likely to translate basic research into improved
benefit to patients. We envision that expanding such mechanisms to
facilitate broad participation from the scientific community in solving
impactful biomedical problems and assessing molecular predictors of
disease phenotypes could be integral to building a transparent, exten-
sible resource at the heart of precision medicine.
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MATERIALS AND METHODS

Challenge timeline
The BCC comprised three phases spanning a period of 3 months: (i)
an orientation phase, (ii) a training phase, and (iii) a validation phase.

In phase 1, participants were provided mRNA and copy number
aberration (CNA) data from 997 samples from METABRIC along-
side the clinical data to train predictive models of patient OS. Samples
contained in this training set corresponded to those used as a training
set in the original publication of the METABRIC data set (22). During
this phase of the Challenge (17 July to 22 September 2012), models were
evaluated in real time against a held-out data set of 500 METABRIC
samples, and a leaderboard was developed to display CI scores for
each model, based on predicted versus observed survival times in these
500 held-out samples.

In phase 2 (25 September to 15 October 2012), lessons learned from
the previous phase were implemented: The clinical variable “LN status”
was changed from binary (positive or negative) values to integer values,
representing the number of affected LNs; the gene expression and
CNA data were renormalized (as described below) to better correct
for batch effects; and the full cohort was randomly split into a new
training and a new testing set to correct for sample biases from the
original split (for example, in the original split, nearly all missing clinical
covariates were in the test set). During this phase, models were trained
on a training set of 1000 samples and evaluated in real time against a
held-out test data set of 500 samples. The resulting scores were posted
on a new leaderboard and, at the end of phase 2, were evaluated against
the remaining held-out 481 samples. The winner of this phase was
determined on the basis of evaluation in this second test set. All official
scoring was performed using the OS endpoint, although based on re-
quests from Challenge participants, we also configured a leaderboard
that allowed participants to assess their model scores against DS sur-
vival as a secondary “unofficial” evaluation.

Before submission of their final models in phase 3, participants were
given the opportunity to retrain their models on the entire METABRIC
data set of 1981 (for convenience, with clinical variables reduced to
www.Sc
only those present in the OsloVal data set). Furthermore, participants
were asked to select a maximum of five models per team for assess-
ment against the OsloVal data set. All participants who submitted a
model in phase 3 are listed in table S3. If a team did not choose their
preferred five models, their five top-scoring models were selected by
default. These models were scored on the basis of the CI predicted
versus observed ranks of survival times in the OsloVal data set. The
overall winner of the Challenge was determined by the top CI score in
OsloVal. The significance of the top-scoring models compared to the
rest was assessed on the basis of scores for multiple random subsamples
without replacement of 80% of patients from the OsloVal cohort. This
process was repeated 100 times, and the resulting rankings were com-
pared with a Wilcoxon rank-sum test (29).

Data governance
The data generators’ institutional ethics committee approved use of
the clinical data within the BCC. Expression and copy number data
from METABRIC were made available to Challenge participants dur-
ing the duration of phases 1 to 3. Data for clinical covariates from the
METABRIC cohort had been made public previously (40). Each par-
ticipant who accessed the data agreed to (i) use these data only for
the purposes of participating in the Challenge and (ii) not redistribute
the data. Data access permissions were revoked at the completion of
each BCC phase, and participants were required to reaffirm their agree-
ment to these terms to enter each phase.

The METABRIC and OsloVal data sets have been deposited in the
Synapse database (https://synapse.prod.sagebase.org/#!Synapse:
syn1710250) and will be available to readers for a 6-month “validation
phase” of the BCC. Those interested in accessing these data for use
in independent research are directed to the following links. Expres-
sion and CNA data fromOsloVal are available through an open access
mechanism. All of other data are available through a controlled access
mechanism.

METABRIC: https://synapse.prod.sagebase.org/#!Synapse:syn1688369
OsloVal: https://synapse.prod.sagebase.org/#!Synapse:syn1688370
The final Challenge scoring was based on the CIs of models, which

was the same metric used in the leaderboard at earlier phases of the
Challenge. The CI was predefined from the beginning of the Challenge
as the performance metric to be used at final scoring. For all final sub-
missions, every effort was made by the Sage Bionetwork team to run
the submitted code in the Synapse platform. However, because of dif-
ferent problems in the submitted code, some of the submissions did
not run successfully. Each submitted model that could be successfully
run yielded a final survival prediction for the OsloVal cohort. For each
of these predictions, the CI was mathematically computed in an un-
ambiguous way by a computer program, from which the performance
ranking was generated in order of descending CI. All final models can
be accessed at http://leaderboards.bcc.sagebase.org/final/index.html.

Data normalization
The Affymetrix Genome-Wide Human SNP 6.0 and Illumina HT12
Bead Chip data were normalized according to the supervised normal-
ization of microarrays (snm) framework and Bioconductor package
(41, 42). Following this framework, models were devised for each data
set that expressed the raw data as functions of biological and adjustment
variables. The models were built and implemented through an iterative
process designed to learn the identity of important variables defined by
latent factors identified via singular value decomposition. Once these
ienceTranslationalMedicine.org 17 April 2013 Vol 5 Issue 181 181re1 9
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variables were identified, we used the snm R package to remove the
effects of the adjustment variables while controlling for the effects of
the biological variables of interest.

For example, to normalize the METABRIC mRNA data, we used a
model that included ER status as a biological variable and both scan
date and intensity-dependent array effects as adjustment variables. The
resulting normalized data consisted of the residuals from this model fit
plus the estimated effects of ER status. For the relevant data sets, we list
the biological and adjustment variables as follows: METABRIC mRNA:
biological variable = ER status, adjustment variables = scan date and
intensity-dependent array effects; METABRIC SNP: biological variable =
none, adjustment variables = scan date and intensity-dependent array
effects; OsloVal mRNA: biological variable = ER status, adjustment
variables = Sentrix ID (43), intensity-dependent array effects; OsloVal
SNP: biological variable = none, adjustment variables = scan date,
intensity-dependent effects.

Summarization of probes to genes for the SNP6.0 copy number
data was done as follows. First, probes were mapped to genes with
information obtained from the pd.genomewidesnp.6 Bioconductor
package (44). For genes measured by two probes, we defined the
gene-level values as an unweighted average of the data from the two
probes. For genes measured by a single probe, we defined the gene-
level values as the data for the corresponding probe. For those mea-
sured by more than two probes, we devised an approach that weighted
probes based on their similarity to the first eigengene as defined by
taking a singular value decomposition of the probe-level data for each
gene. The percent variance explained by the first eigengene was then
calculated for each probe. The summarized values for each gene were
then defined as the weighted mean, with the weights corresponding to
the percent variance explained.

Compute resources
A total of 2000 computational cores in the Google Cloud were provided
to participants for the ~5-month duration of the Challenge, corre-
sponding to a maximum of 7.5 million core hours if used at capacity.
Specifically, each participant was provisioned an 8-core, 16-GB RAM
machine, preconfigured and tested with an R computing environment
and required libraries used in the Challenge. Compute resources were
provisioned to each participant for dedicated use throughout the Chal-
lenge, and once capacity was reached, resources assigned to inactive users
were recycled to new registrants such that all active users were provi-
sioned compute resources. Users were also allowed to work on their
own computing resources.

OsloVal data generation
The OsloVal cohort consisted of fresh-frozen primary tumors from 184
breast cancer patients collected from 1981 to 1999 (148 from 1981 to
1989 and 36 from 1994 to 1999) at the Norwegian Radium Hospital.
Tumor material collection, clinical characterization, and DNA and mRNA
extraction methods are described in the Supplementary Materials and
Methods.
SUPPLEMENTARY MATERIALS

www.sciencetranslationalmedicine.org/cgi/content/full/5/181/181re1/DC1
Materials and Methods
Table S1. Univariate and multivariate Cox regression statistics for the clinical covariates in the
METABRIC data set.
www.Scie
Table S2. Univariate and multivariate Cox regression statistics for the clinical covariates in the
OsloVal data set.
Table S3. The Breast Cancer Challenge Consortium: Challenge participants who submitted a
model to phase 3 of the BCC.
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