
UC Davis
UC Davis Previously Published Works

Title
Effects of vitamin D supplementation on a deep learning-based mammographic 
evaluation in SWOG S0812.

Permalink
https://escholarship.org/uc/item/0d63x9v4

Journal
JNCI Cancer Spectrum, 8(4)

Authors
McGuinness, Julia
Anderson, Garnet
Mutasa, Simukayi
et al.

Publication Date
2024-07-01

DOI
10.1093/jncics/pkae042
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/0d63x9v4
https://escholarship.org/uc/item/0d63x9v4#author
https://escholarship.org
http://www.cdlib.org/


Effects of vitamin D supplementation on a deep learning– 
based mammographic evaluation in SWOG S0812
Julia E. McGuinness , MD MS,1,� Garnet L. Anderson, PhD,2,3 Simukayi Mutasa, MD,4 Dawn L. Hershman, MD, MS,1  

Mary Beth Terry, PhD,1 Parisa Tehranifar, DrPH,1 Danika L. Lew, MA,3 Monica Yee, BA, CCRP,3 Eric A. Brown, MD,5  

Sebastien S. Kairouz, MD,6 Nafisa Kuwajerwala, MD,5 Therese B. Bevers, MD,7 John E. Doster, MD,8 Corrine Zarwan, MD,9  

Laura Kruper, MD, MS,10 Lori M. Minasian , MD,11 Leslie Ford, MD,11 Banu Arun, MD,7 Marian L. Neuhouser , PhD, RD,2  

Gary E. Goodman, MD,12 Powel H. Brown, MD, PhD,7 Richard Ha, MD, MS,1 Katherine D. Crew, MD, MS1 

1Department of Medicine, Columbia University Irving Medical Center and the Herbert Irving Comprehensive Cancer Center, New York, NY, USA 
2Public Health Sciences Division, Fred Hutchinson Cancer Center, Seattle, WA, USA 
3SWOG Cancer Research Network, Statistics and Data Management Center, Seattle, WA, USA 
4Department of Radiology, Lenox Hill Hospital, New York, NY, USA 
5William Beaumont Hospital, Beaumont National Cancer Institute Community Oncology Research Program, Troy, MI, USA 
6Cancer Care Specialists of Central Illinois, Heartland National Cancer Institute Community Oncology Research Program, Decatur, IL, USA 
7Department of Clinical Cancer Prevention, MD Anderson Cancer Center, Houston, TX, USA 
8Anderson Area Cancer Center, Southeast Clinical Oncology Research Consortium National Cancer Institute Community Oncology Research Program, Anderson, 
SC, USA 
9Lahey Hospital and Medical Center, Burlington, MA, USA 
10Department of Breast Oncology, City of Hope Medical Center, Duarte, CA, USA 
11Division of Cancer Prevention, National Cancer Institute, Bethesda, MD, USA 
12Swedish Cancer Institute, Pacific Cancer Research Consortium National Cancer Institute Community Oncology Research Program, Seattle, WA, USA

�Correspondence to: Julia E. McGuinness, MD, MS, Division of Hematology/Oncology, Columbia University Irving Medical Center, 161 Fort Washington Avenue, 
Herbert Irving Pavilion 9th Floor, Room 9-962, New York, NY 10032, USA (e-mail: jem2280@cumc.columbia.edu).

Abstract 

Deep learning–based mammographic evaluations could noninvasively assess response to breast cancer chemoprevention. We eval-
uated change in a convolutional neural network–based breast cancer risk model applied to mammograms among women enrolled in 
SWOG S0812, which randomly assigned 208 premenopausal high-risk women to receive oral vitamin D3 20 000 IU weekly or placebo 
for 12 months. We applied the convolutional neural network model to mammograms collected at baseline (n¼109), 12 months 
(n¼ 97), and 24 months (n¼ 67) and compared changes in convolutional neural network-based risk score between treatment groups. 
Change in convolutional neural network-based risk score was not statistically significantly different between vitamin D and placebo 
groups at 12 months (0.005 vs 0.002, P¼ .875) or at 24 months (0.020 vs 0.001, P¼ .563). The findings are consistent with the primary 
analysis of S0812, which did not demonstrate statistically significant changes in mammographic density with vitamin D supplemen-
tation compared with placebo. There is an ongoing need to evaluate biomarkers of response to novel breast cancer chemopreventive 
agents.

Women at high risk for breast cancer are eligible for chemopre-

vention with selective estrogen receptor modulators or aroma-
tase inhibitors, which have been shown in randomized controlled 

trials to reduce the incidence of invasive breast cancer by up to 
50%-65% (1-6). However, chemoprevention uptake remains as 

low as 5% among high-risk women (7,8), and rates of early treat-
ment discontinuation are as high as 40% (9), for reasons includ-

ing treatment side effects (10,11).
Another potential barrier to the use of breast cancer chemo-

prevention is the lack of a short-term pharmacodynamic 
response biomarker that could demonstrate efficacy to patients 

(ie, reduction in breast cancer risk). With validation, a short-term 
biomarker of response might also serve as a surrogate for breast 

cancer incidence in chemoprevention trials, which could improve 
trial efficiency. Because high-risk women standardly receive 

annual mammography, mammography-based evaluations could 

serve as noninvasive biomarkers of response to chemopreven-

tion. For example, mammographic density, or the proportion of 
radiodense glandular tissue on mammography, is a strong pre-

dictor of breast cancer risk (12,13). Short-term reduction in mam-
mographic density might serve as a predictive biomarker of 

response to chemoprevention with tamoxifen (14). However, the 
use of mammographic density is limited by variability in radiolo-

gists’ visual interpretations (15), as well as lack of observed 
change in mammographic density among postmenopausal 

women who receive aromatase inhibitors (16-18).
Deep learning technologies applied to mammographic images 

might refine breast cancer risk prediction through evaluation of 
unique features beyond those visible to the human eye. Using a 

screening mammographic dataset of patients with known breast 
cancer (cases) and patients without breast cancer (controls), we 

developed a novel, fully automated convolutional neural 
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network–based breast cancer risk model that evaluates unique 
mammographic features to provide a breast cancer risk score 
(19). The convolutional neural network model was a more accu-
rate, independent predictor of breast cancer risk than mammo-
graphic density, with an overall accuracy of 72% in predicting 
breast cancer. Among a racially and ethnically diverse screening 
population, we observed that a hybrid model incorporating the 
convolutional neural network-based breast cancer risk model 
and the Breast Cancer Surveillance Consortium risk calculator 
more accurately predicted breast cancer than the Breast Cancer 
Surveillance Consortium model alone among Black and Hispanic 
women (20). We also applied the convolutional neural network 
model to serial mammograms among high-risk women and 
observed that women who received anti-estrogen chemopreven-
tion compared with those who did not have a greater mean 
decrease in convolutional neural network score from baseline to 
3-5 years of follow-up (21).

Further investigation requires application of the convolutional 
neural network-based breast cancer risk model to mammo-
graphic datasets among high-risk women, including those 
enrolled in clinical trials evaluating novel chemopreventive 
agents. In an exploratory analysis of a completed early phase 
chemoprevention trial of vitamin D, we hypothesized that vita-
min D supplementation is associated with a greater decrease in 
convolutional neural network-based risk score compared with 
placebo among premenopausal women at high-risk for breast 
cancer. SWOG S0812 was a multicenter, randomized, double- 
blind, placebo-controlled trial among premenopausal women 
who met high-risk criteria for breast cancer, based on 5-year risk 
of invasive breast cancer of at least 1.67% and/or lifetime risk of 
at least 20%, history of atypical hyperplasia, lobular or ductal 
carcinoma in situ, prior stage 0–II breast cancer, a hereditary 
breast cancer syndrome, or high mammographic density (22). 
Participants had baseline serum 25-hydroxyvitamin D (25[OH]D) 
of no more than 32 ng/mL and were randomly assigned 1:1 to 
receive oral vitamin D3 20 000 international units (IU) weekly or 
placebo for 12 months. The primary endpoint was change in 
mammographic density at 12 months, measured using the 
Cumulus technique (23). Digital mammograms were collected at 
baseline, 12 months, and 24 months after random assignment, 
and serum biomarkers including vitamin D metabolites (25[OH] 
D), insulin-like growth factor 1 (IGF-1), and IGF binding protein3 

were assessed at baseline, 6 months, and 12 months. This trial 
was approved by the SWOG central institutional review board, 
and informed consent was obtained for all participants.

We applied the convolutional neural network breast cancer 
risk model, as previously described (19,21), to bilateral mammo-
grams obtained during S0812 to assess for absolute change in 
convolutional neural network score from baseline to 12 and 
24 months. The output of the convolutional neural network 
model is expressed as a continuous variable (range ¼ 0-1), with 
higher scores indicating higher predicted risk of breast cancer. 
This risk score does not incorporate clinical risk factors. We used 
2-sample t tests to compare change in convolutional neural net-
work score from baseline to 12 and 24 months among women 
who received vitamin D supplementation vs placebo. We calcu-
lated Pearson correlation coefficients to assess for correlation 
between change in convolutional neural network score at 
12 months and change in mammographic density and serum bio-
markers at 12 months. We conducted multivariable linear regres-
sion analyses to assess factors associated with 1) baseline 
convolutional neural network-based breast cancer risk score and 
2) change in convolutional neural network-based risk score. We 
also assessed the relationship by treatment arm and change in 
convolutional neural network-based risk score, adjusting for age, 
body mass index (BMI), race and ethnicity, mammographic den-
sity, and serum biomarkers. The level of statistical significance 
was a P value less than .05 for all analyses. Analyses were con-
ducted using SAS OnDemand for Academics (Cary, NC, USA).

Baseline characteristics of the 208 enrolled participants were 
previously reported (22). Median age was 44.6 years (range ¼ 21- 
50 years), and 77.4% of participants identified as non-Hispanic 
White, 6% as Black, and 8% as Hispanic. Median BMI was 25.9 kg/ 
m2 (range ¼ 18.6-46.5 kg/m2). Baseline characteristics were simi-
lar between treatment arms.

Baseline convolutional neural network scores, mammo-
graphic density, and serum biomarkers, and change in these 
measures at follow-up, are shown in Table 1. Among the 208 
enrolled women, 109 had evaluable baseline mammograms for 
analysis using the convolutional neural network model of whom 
97 had evaluable mammograms at 12 months and 67 had evalu-
able mammograms at 24 months. Mean baseline mammographic 
density was similar between vitamin D and placebo groups 
(38.1% vs 35.4%, P¼ .332) as were mean baseline convolutional 

Table 1. Convolutional neural network-based breast cancer risk scores, mammographic density, and serum biomarkers at baseline and 
change from baseline to follow-up among women enrolled in SWOG S0812, stratified by treatment arm

Outcome Timeframe

Vitamin D Placebo

PaNo. Mean (SD) No. Mean (SD)

Convolutional neural network-based risk score Baseline 57 0.219 (0.167) 52 0.190 (0.113) .234
Change at 12 months 50 0.005 (0.092) 47 0.002 (0.120) .875
Change at 24 months 30 0.020 (0.143) 37 0.001 (0.114) .563

Mammographic density, % Baseline 84 38.12 (17.16) 73 35.44 (17.26) .332
Change at 12 months 81 −0.55 (7.66) 73 −0.12 (7.95) .732
Change at 24 months 67 −1.39 (8.22) 58 0.96 (10.38) .160

Serum 25-hydroxyvitamin D, ng/mL Baseline 96 25.43 (10.73) 91 24.19 (8.59) .382
Change at 6 months 85 18.03 (17.85) 77 4.30 (9.11) <.001
Change at 12 months 62 18.66 (18.32) 57 3.38 (9.91) <.001

Serum insulin-like growth factor 1, ng/mL Baseline 96 15.89 (30.69) 92 17.14 (31.66) .783
Change at 6 months 85 −6.47 (41.80) 78 6.72 (34.29) .029
Change at 12 months 63 −10.86 (46.21) 57 −0.37 (34.65) .166

Serum insulin-like growth factor binding protein 3, mg/mL Baseline 96 5.10 (1.02) 92 5.04 (0.96) .640
Change at 6 months 85 0.06 (0.68) 78 0.11 (0.64) .660
Change at 12 months 63 −0.20 (0.74) 57 0.07 (0.81) .056

a Using 2-sample t tests. Bolded value indicates P value <.05, considered statistically significant.

2 | JNCI Cancer Spectrum, 2024, Vol. 8, No. 4  



neural network scores (0.219 vs 0.190, P¼ .234). There was no 
statistically significant difference between groups in change in 
convolutional neural network risk score from baseline to 
12 months (0.005 vs 0.002, P¼ .875) or in change in convolutional 
neural network risk score from baseline to 24 months (0.020 vs 
0.001, P¼ .563). As previously reported (22), the differences in 
change in mammographic density from baseline to follow-up (12 
or 24 months) between groups were not statistically significant. 
Receipt of vitamin D supplementation was not statistically signif-
icantly associated with change in convolutional neural network 
risk score at 12 months after adjusting for age, BMI, race and eth-
nicity, and change in mammographic density at 12 months.

We also evaluated if baseline convolutional neural network 
risk score and change in convolutional neural network risk score 
at 12 months were associated with age, BMI, mammographic 
density, and serum biomarkers. There was a statistically signifi-
cant positive correlation between baseline convolutional neural 
network-based risk score and age (correlation coefficient R ¼
0.288, P¼ .0024) but no significant correlation between baseline 
convolutional neural network-based risk score and BMI or base-
line mammographic density. There was no significant correlation 
between baseline convolutional neural network-based risk score 
and baseline serum 25(OH)D, IGF-1, or IGF binding protein 3. In a 
multivariable linear regression model adjusting for BMI, baseline 
mammographic density, and baseline serum 25(OH)D (Table 2), a 
1-year increase in age was associated with a 0.007 increase in 
baseline convolutional neural network score (P¼ .002). However, 
there was no statistically significant association between change 
in convolutional neural network-based risk score and age, BMI, 
change in mammographic density, or change in serum 25(OH)D 
at 12 months in univariable or multivariable analyses, adjusting 
for baseline convolutional neural network-based risk score.

In summary, we applied the convolutional neural network– 
based breast cancer risk model to prospectively obtain mammo-
grams from high-risk premenopausal women enrolled in SWOG 
S0812 and found that change in convolutional neural network- 
based breast cancer risk score at 12 months was not statistically 
significantly different between women who received vitamin D 
supplementation compared with placebo. Our findings are con-
sistent with the primary results of S0812, which did not find a 
statistically significant difference in short-term change in mam-
mographic density with vitamin D supplementation compared 
with placebo (22).

Although the lack of observed change in the convolutional 
neural network-based risk score could support the primary con-
clusion of S0812 that there is insufficient evidence for the use of 

vitamin D supplementation for breast cancer risk reduction, it 
remains unknown whether nonhormonal interventions result in 
change in mammography-based assessments, including convo-
lutional neural network-based risk score and mammographic 
density and whether these assessments should be used as surro-
gates for breast cancer risk to assess novel chemopreventive 
agents. Given that a barrier to the development of novel breast 
cancer chemoprevention strategies is the large sample sizes and 
years of follow-up required to report outcomes such as breast 
cancer incidence, future studies utilizing prospectively obtained 
mammograms from chemoprevention trials are necessary to 
evaluate potential short-term biomarkers of response to nonhor-
monal chemopreventive agents.

We did not observe any statistically significant association 
between change in convolutional neural network score at 
12 months and change in serum biomarkers, including IGF-1, IGF 
binding protein3, and vitamin D metabolites. Baseline convolu-
tional neural network-based risk score had a statistically signifi-
cant positive correlation with patient age, consistent with the 
known increase in breast cancer risk with increasing age (24). We 
did not find statistically significant associations between base-
line convolutional neural network-based risk score and baseline 
mammographic density or between changes in convolutional 
neural network-based risk score and mammographic density, 
possibly because the convolutional neural network model evalu-
ates mammographic features beyond quantification of mammo-
graphic density . Further investigation of potential associations 
between convolutional neural network-based risk score and 
imaging- and/or blood-based biomarkers of breast cancer risk 
could provide potential insight into convolutional neural net-
work–based risk prediction but will require larger patient 
cohorts.

Our analysis also highlights the need for improved systems to 
collect breast imaging for translational substudies within pro-
spective multicenter clinical trials. Only approximately half of 
participants in S0812 had evaluable mammograms for analysis 
using the convolutional neural network-based model at baseline 
and 12 months. Notably, only approximately two-thirds of partic-
ipants had evaluable mammograms for analysis of change in 
mammographic density at 12 months, the primary endpoint of 
S0812. Although we do not have patient-level information on rea-
sons for the greater proportion of unevaluable mammograms 
using the convolutional neural network-based model compared 
with mammographic density, inadequate image quality for anal-
ysis using the convolutional neural network-based model and 
issues with central upload and transfer of images to the 

Table 2. Multivariable linear regression analyses evaluating associations between baseline convolutional neural network-based breast 
cancer risk score and change in convolutional neural network risk score at 12 months and other variables, including age, 
mammographic density, and serum 25-hydroxyvitamin D [25(OH)D]a

Variable

Baseline convolutional neural  
network-based risk score

Change in convolutional neural network-based risk  
score at 12 months

Estimate (95% CI) P Estimate (95% CI) P

Age, y 0.007 (0.003 to 0.012) .002 −0.002 (−0.006 to 0.434) .056
Body mass index, kg/m2 0.004 (−0.001 to 0.008) .132 −0.002 (−0.005 to 0.002) .410
Baseline convolutional neural network-based risk score −0.450 (−0.618 to -0.282) <.001
Baseline mammographic density 0.001 (0.001 to 0.003) .108
Baseline serum 25(OH)D, ng/mL −0.002 (−0.005 to 0.001) .246
Change in mammographic density at 12 mo, % −0.001 (−0.004 to 0.001) .257
Change in serum 25(OH)D, at 12 mo, ng/mL −0.001 (−0.003 to 0.002) .470

a CI ¼ confidence interval. Bolded value indicates P value <.05, considered statistically significant.
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analyzing center might have contributed. Efficient methods for 
collection of breast imaging among participants in clinical trials 
will be essential to the evaluation of potential imaging-based bio-
markers of response to chemoprevention.

Additional limitations of our analysis that could limit general-
izability include use of digital mammograms but not digital 
breast tomosynthesis, which is increasingly used in the clinical 
setting. We do not have information on mammography vendors 
for available images. Also, participants in S0812 were predomi-
nantly non-Hispanic White women, which could limit generaliz-
ability to diverse populations. Overall, the small sample size of 
participants with evaluable mammograms limited the statistical 
power of our analyses and might have contributed to the lack of 
observed associations between change in convolutional neural 
network-based risk score and vitamin D supplementation, as 
well as change in serum biomarkers and mammographic den-
sity.

In conclusion, vitamin D supplementation did not result in a 
statistically significantly different change in convolutional neu-
ral network-based breast cancer risk score compared with pla-
cebo among high-risk premenopausal women enrolled in S0812. 
Further evaluation of the convolutional neural network model as 
a potential biomarker of response to breast cancer chemopreven-
tion will require use of large, prospectively obtained mammo-
graphic datasets among high-risk women who receive selective 
estrogen receptor modulators or aromatase inhibitors, as well as 
nonhormonal chemopreventive agents. There is still an unmet 
clinical need to evaluate potential short-term biomarkers of 
response to nonhormonal chemopreventive agents, which could 
be used to accelerate development of novel prevention strat-
egies.

Data availability
The data generated in this study are available upon request from 
the corresponding author.

Author contributions
Julia E. McGuinness, MD, MS (Conceptualization; Data curation; 
Formal analysis; Investigation; Methodology; Writing—original 
draft; Writing—review & editing), Powel H. Brown, MD, PhD 
(Investigation; Methodology; Writing—review & editing), Gary E. 
Goodman, MD (Investigation; Methodology; Writing—review & 
editing), Marian L. Neuhouser, PhD, RD (Conceptualization; 
Investigation; Methodology; Writing—review & editing), Banu 
Arun, MD (Conceptualization; Investigation; Methodology; 
Writing—review & editing), Leslie Ford, MD (Investigation; 
Writing—review & editing), Lori M. Minasian, MD (Investigation; 
Writing—review & editing), Laura Kruper, MD, MS (Investigation; 
Writing—review & editing), Corrine Zarwan, MD (Investigation; 
Writing—review & editing), John E. Doster, MD (Investigation; 
Writing—review & editing), Richard Ha, MD, MS 
(Conceptualization; Data curation; Formal analysis; 
Investigation; Methodology; Writing—review & editing), Therese 
B. Bevers, MD (Investigation; Writing—review & editing), 
Sebastien S. Kairouz, MD (Investigation; Writing—review & edit-
ing), Eric A. Brown, MD (Investigation; Writing—review & editing), 
Monica Yee, BA, CCRP (Conceptualization; Investigation; 
Methodology; Project administration; Writing—review & editing), 
Danika L. Lew, MA (Conceptualization; Formal analysis; 
Investigation; Methodology; Writing—review & editing), Parisa 
Tehranifar, DrPH (Conceptualization; Investigation; Writing— 

review & editing), Mary Beth Terry, PhD (Conceptualization; 
Investigation; Writing—review & editing), Dawn L. Hershman, 
MD, MS (Conceptualization; Investigation; Writing—review & 
editing), Simukayi Mutasa, MD (Data curation; Formal analysis; 
Investigation; Writing—review & editing), Garnet L. Anderson, 
PhD (Conceptualization; Data curation; Investigation; 
Methodology; Writing—review & editing), Nafisa Kuwajerwala, 
MD (Investigation; Writing—review & editing), and Katherine D. 
Crew, MD, MS (Conceptualization; Data curation; Formal analy-
sis; Investigation; Methodology; Writing—review & editing).

Funding
This work was supported by the National Institutes of Health (NIH) 
National Cancer Institute (NCI) awards R01CA226060 (KDC), 
UG1CA189974, UG1CA190002, UG1CA189830, UG1CA189858, 
UG1CA189953, UG1CA189960, U10CA180858, U10CA180828, and 
U10CA180819; and by ASCO Conquer Cancer Foundation Career 
Development Award (KDC) and a SWOG/Hope Foundation Impact 
Award (KDC).

Conflicts of interest
J.E. McGuinness reports serving on an advisory board for Gilead 
Sciences, Inc, and receiving honorarium from OncLive and 
WebMD.

G.L. Anderson reports receiving other commercial research 
support from Mars Symbioscience.

B. Arun reports receiving commercial research grant from 
Abbvie paid to the institution, Invitae nonpaid, and AstraZeneca 
paid to the institution, and is a consultant/advisory board mem-
ber for Abbvie steering committee and Bright Pink.

The other authors declared no potential conflicts of interest.

Acknowledgments
The funder did not play a role in the design of the study; the col-
lection, analysis, and interpretation of the data; the writing of the 
manuscript; and the decision to submit the manuscript for publi-
cation.

References
01. Wickerham DL, Costantino JP, Vogel VG, et al. The use of tamoxifen 

and raloxifene for the prevention of breast cancer. Recent Results 

Cancer Res. 2009;181:113-119. doi:10.1007/978-3-540-69297-3_12.
02. Cuzick J, Sestak I, Cawthorn S, et al.; IBIS-I Investigators. 

Tamoxifen for prevention of breast cancer: Extended long-term 

follow-up of the IBIS-I breast cancer prevention trial. Lancet 

Oncol. 2015;16(1):67-75. doi:10.1016/s1470-2045(14)71171-4.

03. Vogel VG, Costantino JP, Wickerham DL, et al. National Surgical 

Adjuvant Breast and Bowel Project. Update of the National 

Surgical Adjuvant Breast and Bowel Project Study of Tamoxifen 

and Raloxifene (STAR) P-2 Trial: Preventing breast cancer. 

Cancer Prev Res (Phila). 2010;3(6):696-706. doi:10.1158/1940-6207. 

Capr-10-0076.
04. Goss PE, Ingle JN, Al�es-Mart�ınez JE, et al. Exemestane for breast- 

cancer prevention in postmenopausal women. New Engl J Med. 

2011;364(25):2381-2391. doi:10.1056/NEJMoa1103507.

05. Cuzick J, Sestak I, Forbes JF, et al. IBIS-II Investigators. 

Anastrozole for prevention of breast cancer in high-risk post-

menopausal women (IBIS-II): an international, double-blind, 

4 | JNCI Cancer Spectrum, 2024, Vol. 8, No. 4  

https://doi.org/10.1007/978-3-540-69297-3_12
https://doi.org/10.1016/s1470-2045(14)71171-4
https://doi.org/10.1158/1940-6207.Capr-10-0076
https://doi.org/10.1158/1940-6207.Capr-10-0076
https://doi.org/10.1056/NEJMoa1103507


randomised placebo-controlled trial. Lancet. 2014;383(9922): 
1041-1048. doi:10.1016/s0140-6736(13)62292-8.

06. Allred DC, Anderson SJ, Paik S, et al. Adjuvant tamoxifen 

reduces subsequent breast cancer in women with estrogen 
receptor–positive ductal carcinoma in situ: a study based on 
NSABP protocol B-24. Journal of Clinical Oncology. 2012;30(12): 
1268-1273. doi:10.1200/jco.2010.34.0141.

07. Waters EA, Cronin KA, Graubard BI, Han PK, Freedman AN. 
Prevalence of tamoxifen use for breast cancer chemoprevention 
among U.S. women. Cancer Epidemiol Biomarkers Prev. 2010;19(2): 

443-446. doi:10.1158/1055-9965.Epi-09-0930.
08. Ropka ME, Keim J, Philbrick JT. Patient decisions about breast can-

cer chemoprevention: a systematic review and meta-analysis. J 

Clin Oncol. 2010;28(18):3090-3095. doi:10.1200/jco.2009.27.8077.
09. Flanagan MR, Zabor EC, Stempel M, Mangino DA, Morrow M, 

Pilewskie ML. Chemoprevention uptake for breast cancer risk 

reduction varies by risk factor. Ann Surg Oncol. 2019;26(7): 
2127-2135. doi:10.1245/s10434-019-07236-8.

10. Henry NL, Azzouz F, Desta Z, et al. Predictors of aromatase 
inhibitor discontinuation as a result of treatment-emergent 

symptoms in early-stage breast cancer. J Clin Oncol. 2012;30(9): 
936-942. doi:10.1200/jco.2011.38.0261.

11. Chim K, Xie SX, Stricker CT, et al. Joint pain severity predicts 

premature discontinuation of aromatase inhibitors in breast 
cancer survivors. BMC Cancer. 2013;13(1):401. doi: 
10.1186/1471-2407-13-401.

12. McCormack VA, dos Santos Silva I. Breast density and paren-
chymal patterns as markers of breast cancer risk: A meta-anal-
ysis. Cancer Epidemiol Biomarkers Prev. 2006;15(6):1159-1169. doi: 
10.1158/1055-9965.Epi-06-0034.

13. Boyd NF, Guo H, Martin LJ, et al. Mammographic density and 
the risk and detection of breast cancer. N Engl J Med. 2007;356(3): 
227-236. doi:10.1056/NEJMoa062790.

14. Cuzick J, Warwick J, Pinney E, et al. Tamoxifen-induced reduc-
tion in mammographic density and breast cancer risk reduc-
tion: a nested case-control study. J Natl Cancer Inst. 2011;103(9): 

744-752. doi:10.1093/jnci/djr079.
15. Sprague BL, Conant EF, Onega T, et al.; PROSPR Consortium. 

Variation in mammographic breast density assessments among 

radiologists in clinical practice: a multicenter observational 

study. Annals of Internal Medicine. 2016;165(7):457-464. doi: 

10.7326/M15-2934.
16. Vachon CM, Suman VJ, Brandt KR, et al. Mammographic breast 

density response to aromatase inhibition. Clin Cancer Res. 2013; 

19(8):2144-2153. doi:10.1158/1078-0432.Ccr-12-2789.
17. Prowell TM, Blackford AL, Byrne C, et al. Changes in breast den-

sity and circulating estrogens in postmenopausal women 

receiving adjuvant anastrozole. Cancer Prev Res. 2011;4(12): 

1993-2001. doi:10.1158/1940-6207.Capr-11-0154.
18. Eriksson L, He W, Eriksson M, et al. Adjuvant therapy and mam-

mographic density changes in women with breast cancer. JNCI 

Cancer Spectr. 2018;2(4):pky071. doi:10.1093/jncics/pky071.

19. Ha R, Chang P, Karcich J, et al. Convolutional neural network based 

breast cancer risk stratification using a mammographic dataset. 

Acad Radiol. 2019;26(4):544-549. doi:10.1016/j.acra.2018.06.020.
20. Michel A, Ro V, McGuinness JE, et al. Breast cancer risk predic-

tion combining a convolutional neural network-based mammo-

graphic evaluation with clinical factors. Breast Cancer Res Treat. 

2023;200(2):237-245. doi:10.1007/s10549-023-06966-4.
21. Manley H, Mutasa S, Chang P, Desperito E, Crew K, Ha R. 

Dynamic changes of convolutional neural network-based mam-

mographic breast cancer risk score among women undergoing 

chemoprevention treatment. Clin Breast Cancer. 2020;21(4): 

e312-e318. doi:10.1016/j.clbc.2020.11.007.
22. Crew KD, Anderson GL, Hershman DL, et al. Randomized 

double-blind placebo-controlled biomarker modulation study 

of vitamin D supplementation in premenopausal women at 

high risk for breast cancer (SWOG S0812). Cancer Prev Res. 2019; 

12(7):481-490. doi:10.1158/1940-6207.Capr-18-0444.

23. Heine JJ, Scott CG, Sellers TA, et al. A novel automated mammo-

graphic density measure and breast cancer risk. JNCI J Natl 

Cancer Inst. 2012;104(13):1028-1037. doi:10.1093/jnci/djs254.
24. Tice JA, Cummings SR, Smith-Bindman R, Ichikawa L, Barlow 

WE, Kerlikowske K. Using clinical factors and mammographic 

breast density to estimate breast cancer risk: development and 

validation of a new predictive model. Ann Intern Med. 2008;148 

(5):337-347. doi:10.7326/0003-4819-148-5-200803040-00004.

# The Author(s) 2024. Published by Oxford University Press.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/ 
), which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.
JNCI Cancer Spectrum, 2024, 8, 1–5
https://doi.org/10.1093/jncics/pkae042
Brief Communications

J. E. McGuinness et al. | 5  

https://doi.org/10.1016/s0140-6736(13)62292-8
https://doi.org/10.1200/jco.2010.34.0141
https://doi.org/10.1158/1055-9965.Epi-09-0930
https://doi.org/10.1200/jco.2009.27.8077
https://doi.org/10.1245/s10434-019-07236-8
https://doi.org/10.1200/jco.2011.38.0261
https://doi.org/10.1186/1471-2407-13-401
https://doi.org/10.1158/1055-9965.Epi-06-0034
https://doi.org/10.1056/NEJMoa062790
https://doi.org/10.1093/jnci/djr079
https://doi.org/10.7326/M15-2934
https://doi.org/10.1158/1078-0432.Ccr-12-2789
https://doi.org/10.1158/1940-6207.Capr-11-0154
https://doi.org/10.1093/jncics/pky071
https://doi.org/10.1016/j.acra.2018.06.020
https://doi.org/10.1007/s10549-023-06966-4
https://doi.org/10.1016/j.clbc.2020.11.007
https://doi.org/10.1158/1940-6207.Capr-18-0444
https://doi.org/10.1093/jnci/djs254
https://doi.org/10.7326/0003-4819-148-5-200803040-00004

	Active Content List
	Data availability
	Author contributions
	Funding
	Conflicts of interest
	Acknowledgments
	References




