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Purpose: To describe the design, conduct, and results of the Breast Multiparametric MRI for prediction of neoadjuvant chemotherapy 
Response (BMMR2) challenge.

Materials and Methods: The BMMR2 computational challenge opened on May 28, 2021, and closed on December 21, 2021. The goal 
of the challenge was to identify image-based markers derived from multiparametric breast MRI, including diffusion-weighted imag-
ing (DWI) and dynamic contrast-enhanced (DCE) MRI, along with clinical data for predicting pathologic complete response (pCR) 
following neoadjuvant treatment. Data included 573 breast MRI studies from 191 women (mean age [±SD], 48.9 years ± 10.56) in 
the I-SPY 2/American College of Radiology Imaging Network (ACRIN) 6698 trial (ClinicalTrials.gov: NCT01042379). The chal-
lenge cohort was split into training (60%) and test (40%) sets, with teams blinded to test set pCR outcomes. Prediction performance 
was evaluated by area under the receiver operating characteristic curve (AUC) and compared with the benchmark established from the 
ACRIN 6698 primary analysis.

Results:  Eight teams submitted final predictions. Entries from three teams had point estimators of AUC that were higher than the 
benchmark performance (AUC, 0.782 [95% CI: 0.670, 0.893], with AUCs of 0.803 [95% CI: 0.702, 0.904], 0.838 [95% CI: 0.748, 
0.928], and 0.840 [95% CI: 0.748, 0.932]). A variety of approaches were used, ranging from extraction of individual features to deep 
learning and artificial intelligence methods, incorporating DCE and DWI alone or in combination.

Conclusion: The BMMR2 challenge identified several models with high predictive performance, which may further expand the value of 
multiparametric breast MRI as an early marker of treatment response.

Clinical trial registration no. NCT01042379

Supplemental material is available for this article.
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complete response (pCR) (3). Mean ADC is the most com-
monly used DWI quantitative biomarker for cancer detection 
and response assessment (4,5). However, alternative DWI met-
rics may be more sensitive to treatment-induced changes in the 
tumor microenvironment. In addition, information from other 
sequences, such as dynamic contrast-enhanced (DCE) MRI and 
T2-weighted imaging performed as part of the multiparametric 
breast MRI examination, may provide valuable complementary 
information to DWI on physiologic response to treatment.

To take full advantage of the rich ACRIN 6698 data set ac-
quired at multiple sites using a variety of MRI platforms (field 
strengths and vendors), the Breast Multiparametric MRI for pre-
diction of neoadjuvant chemotherapy Response (BMMR2) im-
aging challenge was conducted. The challenge was sponsored by 
the Quantitative Imaging Network, a National Cancer Institute–
supported network promoting quantitative imaging methods in 
clinical trials. The challenge was hosted by MedICI (Medical 
Imaging Challenge Infrastructure; https://github.com/QTIM-
Lab/MedICI) (6), a Quantitative Imaging Network–sponsored 
open-source platform for running computational competitions; 
data for the challenge were provided through The Cancer Im-
aging Archive (TCIA; https://www.cancerimagingarchive.net/). 
The purpose of the challenge was to provide a platform and data 
set to enable the development of multiparametric MRI–based 
predictive models for improved early prediction of pCR treat-
ment outcomes in women undergoing NAC for invasive breast 
cancer. Herein, we report the design, conduct, and results of the 
BMMR2 challenge.

Materials and Methods

Timeline
BMMR2 is a retrospective challenge that used data from 
a Health Insurance Portability and Accountability Act 
(HIPAA)–compliant, multi-institution study (3). The chal-
lenge was officially started on May 28, 2021, and closed on 
December 21, 2021. It consisted of three phases: training, 
testing, and open validation.

Data
The BMMR2 challenge included a subset of MRI studies from 
the ACRIN 6698 trial primary analysis cohort. The ACRIN 
6698 imaging trial was a prospective, HIPAA-compliant, 
multicenter study (ClinicalTrials.gov: NCT01042379). The 
ACRIN 6698 study was approved by institutional review 
boards at all participating sites, and all participants enrolled 
gave written informed consent.

A total of 191 participants with analyzable DWI and DCE 
scans at all time points up through midtreatment (T0: pretreat-
ment; T1: early treatment, after three cycles of the first therapy 
regimen; and T2: midtreatment between first and second regi-
mens) were included in the BMMR2 challenge (3). T0 was ap-
proximately 1 week before start of treatment, and T1 and T2 
were approximately 3 weeks and 12 weeks after initiation of 
treatment, respectively. Clinical data characteristics of the cohort 
are shown in Table 1. The participant cohort was then randomly 
split into a training set (60% [117 of 191]) and a test set (40% 

Breast cancer is the most common cancer worldwide, with 
nearly 2.3 million new cases and 685 000 deaths in 2020 (1). 

In the United States, breast cancer affects one in eight women 
and is the second deadliest cancer in women after lung cancer 
(2). Neoadjuvant chemotherapy (NAC) has become a standard-
of-care treatment for locally advanced breast cancer, allowing 
less aggressive surgery and enabling noninvasive monitoring 
of tumor response using longitudinal imaging, such as MRI. 
Quantitative MRI metrics have shown promise for predicting 
individual treatment outcome, which could aid in personaliz-
ing therapies both for de-escalation of treatment for those who 
respond well and for adjustment or escalation of treatment for 
poor responders.

The American College of Radiology Imaging Network 
(ACRIN) 6698 trial was performed as a substudy of the multi-
center I-SPY 2 TRIAL (Investigation of Serial Studies to Predict 
Your Therapeutic Response with Imaging and Molecular Analy-
sis 2) to test the value of diffusion-weighted MRI as an early 
marker of breast cancer response to NAC. The primary analysis 
of the trial, evaluated in 272 women enrolled at 10 institutions, 
showed that the percentage change in tumor apparent diffusion 
coefficient (ADC) measured from diffusion-weighted imaging 
(DWI) at midtreatment (12 weeks) was predictive of pathologic 

Abbreviations
ACRIN = American College of Radiology Imaging Network, ADC 
= apparent diffusion coefficient, AUC = area under the receiver 
operating characteristic curve, BMMR2 = Breast Multiparametric 
MRI for prediction of NAC Response, DCE = dynamic contrast-
enhanced, DWI = diffusion-weighted imaging, FTV = functional 
tumor volume, HER2 = human epidermal growth factor receptor 
2, HR = hormone receptor, NAC = neoadjuvant chemotherapy, 
pCR = pathologic complete response, TCIA = The Cancer Imaging 
Archive  

Summary
The Breast Multiparametric MRI for prediction of neoadjuvant 
chemotherapy Response (BMMR2) challenge resulted in imaging-
based models with high performance for predicting response to 
neoadjuvant chemotherapy for breast cancer, suggesting the value of 
functional breast MRI as an early marker of treatment response.

Key Points
 ■ Eight teams from four countries completed the Breast 

Multiparametric MRI for prediction of neoadjuvant chemother-
apy Response, or BMMR2, challenge using modeling approaches 
ranging from simple tumor volume measures to radiomics and 
unsupervised deep learning methods.

 ■ Models from three teams demonstrated higher point estimators of 
the areas under the receiver operating characteristic curve (AUCs,  
0.803 [95% CI: 0.702, 0.904], 0.838 [95% CI: 0.748, 0.928], 
and 0.840 [95% CI: 0.748, 0.932]) than the benchmark model 
identified by the original American College of Radiology Imaging 
Network 6698 trial (AUC, 0.782 [95% CI: 0.670, 0.893]) for 
predicting pathologic response.

 ■ Although modeling approaches varied, all incorporated informa-
tion was derived from multiparametric breast MRI examinations 
performed at midtreatment or earlier, with or without other clini-
cal characteristics.

Keywords
MRI, Breast, Tumor Response 
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All imaging and clinical data used in the BMMR2 challenge 
were available to participants through TCIA and open to public 
access from May 2022 (8). Clinical data included age, race, HR 
and HER2 status, longest diameter of tumor at baseline MRI, 
tumor index lesion type, and tumor grade. The outcome was a 
binary variable (true or false) indicating whether the patient had 
a pCR evaluated at the time of surgery, approximately 24 weeks 
after the treatment was initiated. pCR was defined as no residual 
invasive disease in either breast or axillary lymph nodes (ypT0/
is, ypN0). Outcome data were accessible to participants only for 
the training set, not the test set.

Each multiparametric MRI study on TCIA contained the 
original T2-weighted, DW, and DCE images. In addition, 

[74 of 191]), balancing proportions of pCR and hormone recep-
tor (HR)/human epidermal growth receptor 2 (HER2) status 
between each set (Fig 1).

In addition, a repeatability data set of 71 test and retest ac-
quisition pairs acquired at T0 or T1 were provided. In this data 
set, the unenhanced sequences (T2-weighted and DWI) were 
performed twice in a “coffee-break” style, in which the patient 
was removed from the scanner after the first acquisition, then 
repositioned as before for the second acquisition and completion 
of the full ACRIN 6698 protocol with DCE (7). The purpose 
was to test the reproducibility of the ADC measurement. In the 
BMMR2 challenge, repeatability data were provided as an op-
tional data set for biomarker and model development. 

Table 1: Summary of Clinical Data in BMMR2 Challenge Cohort

Characteristic All (n = 191) Training Set (n = 117) Test Set (n = 74)

Age (y) 48.9 ± 10.6 49.0 ± 11.3 48.6 ± 9.4
Race or ethnicity
 Asian 13 (7) 10 (9) 3 (4)
 Black 18 (9) 9 (8) 9 (12)
 Missing 4 (2) 1 (1) 3 (4)
 Native Hawaiian or other Pacific Islander 1 (1) 0 (0) 1 (1)
 Unknown 15 (8) 10 (9) 5 (7)
 White 140 (73) 74 (74) 53 (72)
Sex
 Female 191 (100) 117 (100) 74 (100)
 Male 0 (0) 0 (0) 0 (0)
HR/HER2 subtype
 HR-/HER2- (TN) 59 (31) 36 (31) 23 (31)
 HR+/HER2- 84 (44) 51 (44) 33 (45)
 HR-/HER2+ 15 (8) 10 (9) 5 (7)
 HR+/HER2+ 33 (17) 20 (17) 13 (18)
MRI longest diameter at baseline (cm) 4.3 ± 2.3 4.0 ± 2.2 4.7 ± 2.5
Lesion type
 Single mass 73 (38) 43 (37) 30 (41)
 Single NME 9 (5) 4 (3) 5 (7)
 Multiple masses 98 (51) 65 (56) 33 (45)
 Multiple NME 11 (6) 5 (4) 6 (8)
SBR grade
 I (low) 5 (3) 3 (3) 2 (3)
 II (intermediate) 53 (28) 36 (31) 17 (23)
 III (high) 132 (69) 77 (66) 55 (74)
 NA 1 (1) 1 (1) 0 (0)
pCR outcome
 Non-pCR 132 (69) 81 (69) 51 (69)
 pCR 59 (31) 36 (31) 23 (31)

Note.—Data are reported as means ± SDs for continuous variables or numbers of participants with percentages 
in parentheses in each category for categorical variables. BMMR2 = Breast Multiparametric MRI for prediction 
of neoadjuvant chemotherapy Response, HER2 = human epidermal growth factor receptor 2, HR = hormone 
receptor, NA = not available, NME = nonmass enhancement, pCR = pathologic complete response, SBR = 
Scarff-Bloom-Richardson, TN = triple-negative.

http://radiology-ic.rsna.org
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Challenge Management
The challenge was managed through MedICI. During the 
training phase, submissions of the model predictions were op-
tional, unlimited submissions were allowed, and an area under 
the receiver operating characteristic curve (AUC) result of each 
submission was returned and displayed on the team’s challenge 
dashboard. The purpose was to test the consistency of AUC 
calculations between MedICI and team’s software. For the test 
phase, each team could submit up to 10 test set predictions, 
where every submission was final (editing or resubmission was 
not allowed).

After the challenge closed, individual teams who submitted 
test set results were asked to complete a voluntary survey (Ap-
pendix S1) regarding their modeling approach, including input 
data and software tools used and experience with participating 

derived maps and segmentation objects were provided for the 
DWI (trace images, ADC maps, whole-tumor segmentations) 
and DCE (percentage enhancement and signal enhancement 
ratio kinetics maps and functional tumor volume [FTV] 
segmentations) acquisitions. Complementary information 
related to postprocessing was also included in private attri-
butes in the derived Digital Imaging and Communications in 
Medicine, or DICOM, objects, including DCE timing infor-
mation, DCE tumor volume of interest, signal enhancement 
ratio analysis parameters, FTV results, DCE acquisition, and 
ADC map calculation information. The imaging data avail-
able at each treatment time point are summarized in Table 
S1, and further information on all data objects is provided on 
the TCIA wiki (8). Example images at T0 from a participant 
are shown in Figure 2.

Figure 1: BMMR2 challenge cohort flowchart. ACRIN = American College of Radiology Imaging Network, BMMR2 
= Breast Multiparametric MRI for prediction of neoadjuvant chemotherapy Response, DCE = dynamic contrast-enhanced, 
DWI = diffusion-weighted imaging, I-SPY 2 = Investigation of Serial Studies to Predict Your Therapeutic Response with Imag-
ing and Molecular Analysis 2, NAC = neoadjuvant chemotherapy.

http://radiology-ic.rsna.org
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metric 95% CIs. The AUC of the model that was used for 
the ACRIN 6698 primary analysis (3) and retrained on the 
challenge training set was used as a benchmark AUC for eval-
uating the challenge results. The teams were not aware of the 
benchmark AUC for the test set before the close of the chal-
lenge. Although point estimates alone were used for ranking 
model performances and determining challenge primary out-
comes, differences between AUCs of team models and bench-
mark AUC were also evaluated using a two-sided DeLong test 
at a significance level of .05. AUC analyses were performed 
by using R, version 4.2.2 (R Foundation for Statistical Com-
puting) and SAS/STAT software, version 9.4 (SAS Institute). 

Results

BMMR2 Challenge Participants
A total of 36 teams registered for the challenge and obtained 
data access. Nine teams, representing both academic and non-
academic and/or industry organizations from four countries 
(United States, Israel, Germany, China), submitted test set re-
sults. One team subsequently voluntarily withdrew from the 
challenge because of inadvertent exposure to test set pCR out-
comes via a shared datasheet of an I-SPY 2 publication on GEO 
(Gene Expression Omnibus). The remaining eight teams con-
firmed that they were blinded to all outcomes for the duration 
of the challenge and submitted a total of 51 predictive metrics 

in the challenge. Responses from all teams on the survey were 
compiled and summarized in the results reported below.

Challenge participants had exclusive access to the data, with 
the understanding that results generated from any data set pro-
vided could not be made public before the public release of the 
entire ACRIN 6698 data collection or publication of the pri-
mary BMMR2 challenge manuscript, whichever came first.

Predictive Metrics
Teams were asked to submit one or more quantitative metrics 
that were predictive of the primary outcome (pCR). Metrics 
had to be a scalar numeric value calculable for every individual 
in the test set, with larger values indicating a higher likelihood 
of a positive pCR outcome. Any provided image modality (T2-
weighted, DWI, DCE) or clinical variable could be used to 
generate the submitted value. There were no restrictions on 
metrics generation, so metrics could represent simple measure-
ments (eg, mean ADC), outputs from machine learning mod-
els, or any computational method that produces a per-subject 
scalar value. Each submission could contain only one metric.

Statistical Analysis
The participants used the MRI and clinical data in the train-
ing set to develop metrics predictive of pCR status, which 
were subsequently evaluated in the test set. Prediction accu-
racy was evaluated using the AUC and associated nonpara-

Figure 2: Example MRI data shared through the BMMR2 challenge. All images were from the same individual (female, age 57 years) at pretreatment (T0). T1-
weighted dynamic contrast-enhanced (DCE) images, diffusion-weighted images (DWI), and T2-weighted images are original images. Percentage enhancement (PE) early 
was derived from precontrast and post 2 (129 seconds after the administration of contrast agent). PE late was derived from precontrast and post 6 (477 seconds after the 
administration of contrast agent). Signal enhancement ratio (SER) was derived from precontrast, post 2, and post 6. Tumor segmentations were provided as image masks in 
DCE images and manually defined contours in DWI. ADC = apparent diffusion coefficient, BMMR2 = Breast Multiparametric MRI for prediction of neoadjuvant chemo-
therapy Response, FTV = functional tumor volume.

http://radiology-ic.rsna.org
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for the test set. The repeatability results are not reported here 
because of low participation in this segment of the challenge, 
with only one team contributing an interpretable submission. 
The 53 parameters for reporting the BMMR2 challenge, as 
suggested by Maier-Hein et al (9), are listed in Table S2.

Performance of Team Models
The benchmark was the primary model reported by the origi-
nal ACRIN 6698 trial, which was a logistic regression model 
combining mean ADC (using hand-drawn, three-dimensional 
regions of interest) with a single clinical parameter (tumor HR/
HER2 subtype); the model yielded an AUC of 0.782 (95% 
CI: 0.670, 0.893) in the challenge test set. Figure 3 shows the 
test performance of all submissions. Only the highest AUC 
from each team contributed to the final ranking in the chal-
lenge. Across the eight teams, the maximum AUCs ranged 
from 0.659 to 0.840, with three teams (teams A, B, and C) 
achieving point estimators of AUCs above the benchmark met-
ric (although not reaching statistical significance: P = .30, .36, 
and .71, respectively; Table S3). Among the top three teams, 
the AUCs of the first- and second-place finishers were very 
close, with a narrow difference of 0.002. For the purpose of 
simplicity, we use letter IDs of A through H to denote the eight 
teams. Table 2 summarizes the teams’ best-performing model 
approaches. More details of models from teams A, B, C, and E 
can be found in Appendix S2.

Imaging Data, Clinical Data, and Approaches Used for 
Team Models
Imaging data and clinical data used in each team’s best-per-
forming model, represented by the receiver operating charac-
teristic curves in Figure 3, are reported in Table 3 and Table 4, 
respectively. Five of eight teams used only DCE images (teams 
A, E, F, G, and H), and two teams used only DW images 
(teams C and D). A single team used both DCE and DWI in 
the model (team B); two other teams tried both modalities in 
their model training but not for their best models (teams C and 

F). No team used the T2-weighted images. All teams used seg-
mentations from either DWI (manually drawn whole-tumor 
segmentations from ACRIN 6698 primary analysis) or DCE 
(automated FTV analysis), or both.

Two teams did not use any clinical data (teams D and  G), 
whereas the other six teams used at least HR/HER2 subtype in 
their best-performing models. Among the six teams that used 
clinical data, three used all provided clinical parameters (teams 
B, E, and F). Overall, HR/HER2 subtype was the most used 
clinical data element (in agreement with the benchmark ACRIN 
6698 model), followed by MRI longest diameter as measured by 
the site radiologist.

Computational approaches used for the eight “team best” 
models can be found in Table S4. Six of eight teams used a lo-
gistic regression model output as their final metric. All teams 
except team G used feature selection methods. When reported, 
computation times were generally under 2 seconds per case, ex-
cept for teams B and H (5 seconds per case). In terms of software 
tools, teams most commonly used Python for feature selection 
and radiomics extraction.

Postchallenge Survey
On the basis of team feedback provided in the postchallenge 
survey, six of eight teams reported the complexity of the multi-
modality and multivendor data and image quality variation to be 
the biggest obstacles for completing the challenge; they reported 
that these aspects necessitated extra time for data sorting and im-
age processing. Two teams reported that a major issue was that 
the sample size of the training data was insufficient to reliably 
train a deep learning algorithm. One team reported that they 
could not test the reproducibility and reliability of their model 
because test-retest DCE data were not available. One additional 
team reported difficulty submitting their results to MedICI, the 
challenge management site. Team sizes varied from two to 10 
members. Only one team (team B) reported using other data 
to train their models. Six of eight teams had plans to make their 
models publicly accessible. Two team models were available on 

Figure 3: Performance of test set predictions submitted by the eight teams. (A) Area under the receiver operating characteristic curves 
(AUCs) of all test set submissions for each team. The numbers of submissions per team were as follows: team A, n = 10; team B, n = 10; team C, 
n = 4; team D, n = 5; team E, n = 6, team F, n = 6, team G, n = 1, and team H, n = 9. The dotted horizontal line indicates the AUC value of the 
benchmark. (B) Receiver operating characteristic curves with the highest AUC for each team. AUCs and 95% CIs are given in the key.

http://radiology-ic.rsna.org
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Github by the time the challenge ended, and four other teams 
promised to share models upon request (Table 2).

Discussion
The results of the BMMR2 challenge demonstrate the potential 
for improving prediction of treatment outcomes using compu-
tational approaches for analyzing longitudinal, multiparametric 
MRI data sets. Treatment trials such as ACRIN 6698/I-SPY 2 
produce rich and complex data sets, with a variety of image types 
and clinical measurements acquired at multiple time points. The 
diversity of approaches and data used by the participants in this 
challenge demonstrates the difficulty of determining an optimal 
approach for extracting the maximum clinically useful informa-
tion from such a data set, warranting larger-scale crowdsourcing 
methods offered by such a computational challenge. Overall, 
final test set predictions were submitted from eight teams com-
prising an international group of academic and nonacademic 

institutions. Across these teams, the maximum AUCs ranged 
from 0.659 to 0.840. Three of the participating teams (teams 
A, B, and C) submitted metrics that were higher than the trial 
benchmark, although the differences did not reach statistical 
significance. The predictive performance of these methods, with 
AUC point estimators of 0.803 (95% CI: 0.702, 0.904), 0.838 
(95% CI: 0.748, 0.928), and 0.840 (95% CI: 0.748, 0.932), are 
among the highest values reported in multisite breast imaging 
trials using DWI or DCE MRI (3,10).

Interestingly, among the three top models, one (team C) used 
DWI alone, as did the benchmark ACRIN 6698 model. Although 
a DWI-only imaging marker holds compelling interest, because it 
would avoid the need for the gadolinium-based contrast agent re-
quired for DCE MRI, the predefined manual regions of interest 
used to compute DWI characteristics were defined by referenc-
ing DCE images; therefore, it remains to be determined whether 
DWI could truly serve as a stand-alone noncontrast modality for 

Table 2: Teams and Best-Performing Model Approaches

Team Approach Summary Approach Description

Was Model 
Trained Using 
Other Data?

Is Model Pub-
licly Accessible?

Team A* DCE MRI ra-
diomics–based 
approach

Logistic regression model fit using principal components of radiomic 
features derived from (a) T0 SER maps and (b) kinetic maps of 
T1-T0, along with tumor size measures, in combination with HR 
and HER2 status

No Yes

Team B* Multiparametric 
MRI radiomics–
based approach

Ensemble of seven types of models based on clinical data, FTV mea-
surements, and selected radiomics features extracted at T0, T1, 
and T2 treatment time points from DCE images, DW images, 
manual segmentations, SER maps, and PE maps

Yes Yes

Team C* DWI volumetric-
based approach

Logistic regression model using clinical features (HR and HER2 
status, MRI largest diameter) and DWI lesion volume at T1 as 
inputs

No Yes†

Team D Reproducibility-
driven DWI-
based approach

Reproducible DWI features were first identified using the test-retest 
data set and perturbation method (19) using the criteria ICCtest_re-

test > 0.75 and ICCperturbation > 0.9, followed by identification of the 
texture features most predictive of pCR; the selected features were 
then used as inputs into a logistic regression model

No Yes†

Team E Deep learning 
DCE MRI–
based approach

Modified and combined ISOMAP support vector machine classi-
fier, termed IsoSVM, that incorporates serial imaging and clinical 
data, where an unsupervised deep learning algorithm was used to 
automatically extract intrinsic tumor DCE signatures at each time 
point (20,21)

No No

Team F Deep learning–
based approach

3D ResNet style convolutional neural network trained on subtracted 
DCE MRI, 3D center cropped at the tumor, and clinical features

No Yes†

Team G DCE MRI habitat–
based approach

Logistic regression model using habitat volumes derived from cluster-
ing of DCE MRI data from T0 and T1 (22)

No Yes†

Team H DCE MRI ra-
diomics–based 
approach

Support vector machine classifier based on important features 
selected from (a) radiomics and delta-radiomics features of DCE 
images, SER maps, and PE maps with FTV analysis masks at T0 
and T2 treatment time points and (b) clinical features

No No

Note.—DCE = dynamic contrast-enhanced, DWI = diffusion-weighted imaging, FTV = functional tumor volume, HER2 = human 
epidermal growth receptor 2, HR = hormone receptor,  ICC = interclass correlation, ISOMAP = isometric mapping, pCR = pathologic 
complete response, PE = percentage enhancement, SER = signal enhancement ratio.
* Team models with point estimators of area under the receiver operating characteristic curve higher than benchmark.
† Software available upon request.
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prediction of treatment outcome. The models that achieved the 
lowest and highest performance (AUCs, 0.659 [95% CI: 0.546, 
0.771] by team H and 0.840 [95% CI: 0.748, 0.932] by team A) 
used similar data approaches based on DCE MRI as the only im-
aging data, along with various clinical imaging factors. The main 
difference between the lowest- and highest-performing methods 
was that the former method used support vector machine models, 

whereas the latter method used logistic regression models, which 
indicates that linear models may perform better than nonlinear 
machine learning models when sample size is limited.

Computational challenges offer a powerful platform for 
teams to develop and compare their tools on the same shared 
data set. The motivation of hosting such challenges is to acceler-
ate solutions to research and clinical problems. A recent review 

Table 3: Original and Derived Imaging Data Used in the Best Team Models

Team

DCE DWI

Pretreatment Early Treatment Midtreatment Pretreatment Early Treatment Midtreatment

Benchmark … … … ADC map, manu-
al segmentation

… ADC map, manu-
al segmentation

Team A* Kinetic maps, 
FTV segmenta-
tion

Kinetic maps, 
FTV segmenta-
tion

… … … …

Team B* DCE image, SER 
map, PE map, 
FTV segmenta-
tion

DCE image, SER 
map, PE map, 
FTV segmenta-
tion

DCE image, SER 
map, PE map, 
FTV segmenta-
tion

DW image (b 
= 600 sec/
mm2), manual 
segmentation

DW image (b 
= 600 sec/
mm2), manual 
segmentation

DW image (b 
= 600 sec/
mm2), manual 
segmentation

Team C* … … … … Manual segmenta-
tion

…

Team D … … … … ADC map, manu-
al segmentation

…

Team E DCE images, 
FTV segmenta-
tion

DCE images, 
FTV segmenta-
tion

DCE images, 
FTV segmenta-
tion

… … …

Team F DCE images DCE images DCE images … … …
Team G DCE images, 

FTV segmenta-
tion

DCE images, 
FTV segmenta-
tion

… … … …

Team H DCE images, SER 
map, PE map, 
FTV segmenta-
tion

… DCE images, SER 
map, PE map, 
FTV segmenta-
tion

… … …

Note.—ADC = apparent diffusion coefficient, DCE = dynamic contrast-enhanced, DWI =  diffusion-weighted imaging, FTV = functional 
tumor volume, PE =  percentage enhancement, SER =  signal enhancement ratio.
* Team models that surpassed benchmark performance.

Table 4: Clinical Data Used in Best Team Models

Team Age Race Lesion Type HR/HER2 Subtype SBR Tumor Grade MRI Longest Diameter

Benchmark x
Team A* x
Team B* x x x x x x
Team C* x x
Team D
Team E x x x x x x
Team F x x x x x x
Team G
Team H x x x x

Note.—HER2 = human epidermal growth receptor 2, HR = hormone receptor, SBR = Scarff-Bloom-Richardson.
* Team models that surpassed benchmark performance.
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of biomedical imaging challenges reported segmentation and 
classification to be the most common challenges conducted in 
medical imaging (9,11–13), with MRI being the most com-
monly applied imaging technique (9). Relatively few challenges 
have focused on prediction of treatment outcomes (14,15). To 
the best of our knowledge, the BMMR2 challenge is the first 
computational challenge with the purpose of predicting treat-
ment response for breast cancer using multiparametric (DCE 
and DWI) MRI data acquired from multiple centers.

The ACRIN 6698 data set is the first publicly available data 
set from a multicenter study using longitudinal DWI for breast 
cancer treatment response. One previous report of a smaller 
(n = 39) three-center study described a diffusion-based metric 
with an AUC of 0.964 (CI or standard error not reported) (16), 
which is higher than the AUCs reported from this challenge. 
Comparing results between trials is difficult because of the wide 
variation in trial designs and methods. In a recent systematic re-
view, van der Hoogt et al (17) reported AUCs ranging from 0.50 
to 0.93 across multiple single-center trials using DWI. Over 
time, we anticipate additional analyses of the ACRIN 6698 data 
set will yield metrics with higher performance. Refinement of 
the models is ongoing by several participating teams and other 
groups with public release of the data set (18), and performance 
is expected to improve further as more serial breast MRI data sets 
become available from I-SPY 2 and other clinical trials.

The results of the BMMR2 challenge, especially the winning 
models, demonstrate great potential for multiparametric breast 
MRI to monitor response in patients undergoing neoadjuvant 
treatment. Importantly, many of the challenge participants have 
agreed to make their models available to the research commu-
nity, which will help bring these methods closer to clinical prac-
tice. However, there are still obstacles to overcome before these 
models can be clinically integrated to guide therapies. The mod-
els still require further validation in independent data sets. DWI 
is not yet part of standard-of-care breast MRI protocols, and 
midtreatment MRI examinations are not routinely performed. 
Depending on the model, further validation may rely on data 
from controlled multicenter trials, such as that emerging from 
I-SPY 2. Beyond that, standardization of image acquisition and 
systematic quality control processes are needed to ensure consis-
tent model performance.

The BMMR2 challenge had some limitations. The first limi-
tation was the complexity of the multimodality and multivendor 
data used in the challenge, as expressed by participants in the sur-
vey. Inherent misalignment between images from different modal-
ities (ie, DCE vs DWI) made it difficult to apply radiomics analy-
sis to both modalities. Some teams spent a long time interpreting 
DICOM headers across multiple vendors and matching tumor 
masks with original images. The complexity of the cross-vendor 
multicenter data also made it difficult for some teams to sort out 
DCE data, so they used DWI only in the interest of time. A sec-
ond potential limitation was the modest sample size for training, 
which may have limited the use of deep learning and more data-
intensive approaches. For this reason, one team (team B) used 
data from another source to train their models. A third limitation 
was the time constraints, which ultimately limited the number of 
model refinements and final submissions for some teams. Only 

25% (nine of 36) of the registered teams completed the challenge 
and submitted test set results. Although the specific reasons for 
the low submission rate are not known, communications between 
challenge organizers and teams that failed to submit final results 
indicated time limitations were a major factor. In addition, each 
team entered the challenge on a different date, resulting in variable 
time constraints per team, which likely contributed to differences 
in final model performances. A fourth limitation was that the 
inadvertent exposure to treatment outcomes caused one team to 
withdraw, highlighting the difficulty of running such a challenge 
(and maintaining necessary blinding) using a clinical trial data set, 
as publications emanating from the trial commonly require public 
sharing of the source data. 

In summary, the BMMR2 challenge successfully resulted in 
imaging-based models with high performance for predicting re-
sponse to NAC for breast cancer. The models developed by three 
participating teams demonstrated higher AUCs (based on point 
estimators of AUC) than the benchmark predictive model set by 
the ACRIN 6698 trial, from which the challenge data set was 
created. Although modeling approaches varied, all incorporated 
information was derived from multiparametric breast MRI ex-
aminations performed at midtreatment or earlier, with or without 
other clinical characteristics. Outcomes of the BMMR2 challenge 
provide further compelling evidence of the value of functional 
breast MRI as an early marker of treatment response that may 
aid in critical escalation and de-escalation decisions. Future goals 
are to incorporate and validate highly predictive models developed 
through the challenge in prospective clinical trials.
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