Supplemental Methods
Dataset Structure
The dataset was split by five-year age intervals for each participant to allow for estimation of 5-year risk of premenopausal breast cancer. All data were updated based on the questionnaire age at which the new record was recorded. For example, if an individual completed a baseline questionnaire at age 25, the first 5-year risk interval includes characteristics reported at baseline and predicts risk up to age 30. If questionnaires were filled out every 2 years, this would mean that at age 30 (the start of the second follow-up interval) risk factors would be used from the most recent questionnaire cycle available, (in this example, at age 29). To minimize potential misclassification of exposures, individuals with >5 years between questionnaire cycles were removed from the analysis after the first risk interval and re-entered at the age of the subsequent questionnaire. For example, if a woman provided a questionnaire at age 25 and at age 35, she would be included in the analysis from age 25-30 and would enter the sample again at age 35. Five-year risk from age 30 would not be calculated for this woman. Sixteen of the 19 cohorts had at least one updated questionnaire available, with an average of 4 questionnaire cycles across the cohorts.
Within-cohort imputation
Age at menarche was imputed by median age at menarche within each cohort. In total, N=29,636 instances were imputed, representing <4% of the total analytic sample. For alcohol intake, if individuals were missing a value for current alcohol use (yes/no) and for number of drinks per week, they were assumed to be non-drinkers. If individuals reported current alcohol use but were missing an amount of consumption (N=1,970, 0.3% of the analytic sample), we assigned the median alcohol consumption among current drinkers of their cohort. BMI at age 18-24 was recorded either prospectively (if the woman entered the cohort at an early age) or retrospectively (recalled BMI at age 18-24 y), with values available for 660,554 (84%) of the analytic sample. In cases where BMI at age 18-24 was not directly available in an individual study, we imputed data based on either: (1) shape in childhood (3 categories based on pictogram depictions) (N=65,169), or (2) weight relative to peers in childhood (“lighter than average”, “average”, or “heavier than average”) (N=25,729). BMI at age 18-24 was imputed based on the quartiles of BMI within studies in the same country. For those at the low end of shape or relative weight, we assigned them the 25th percentile of corresponding BMI at age 18. Individuals reporting mid-range values were assigned the 50th percentile of corresponding BMI at age 18, while those reporting shape or weight above average were assigned the 75th percentile value.  If shape or relative weight in childhood was not available, and BMI in young adulthood was not missing by design within the cohort, BMI at age 18-24 was imputed using multiple imputation by chained equations (5 rounds, k nearest neighbors=1) based on a linear model with current age, current BMI, and adulthood height, by cohort (N=8,776 imputations). The result of the fifth imputation was used as the replacement value.
To enable assessment of short-term weight change on risk, we created a weight calendar using linear interpolation to determine weight in the years not covered directly by questionnaire reported data for all participants. The linear interpolation model relied on measures of weight in young adulthood (age 18-24), and recorded weight and corresponding age at each questionnaire cycle. 
Breastfeeding information was imputed among parous individuals without breastfeeding duration reported based on the median value of breastfeeding within each cohort by parity groups (i.e., for an individual with 1 child, median value for breastfeeding months from all individuals with 1 child was used for imputation). 
Variable selection
Detailed steps of variable selection are provided below. In addition to the schema described here, we tested variable selection in a variety of different orders to ensure that ordering of the process did not affect results. We also tested inclusion of all variables using backwards selection in the subset of studies with no variables missing by design. 
· Step 1. Use all studies with non-missing information on family history, and test significance of family history (p<0.05) in these cohorts.
· Step 2. Use all studies with non-missing family history information and add in reproductive factors: age at menarche, parity, and age at first birth (available for all studies).
· Step 3. Among studies in Step 2 which had information on breastfeeding duration, test the addition of breastfeeding duration to model.
· Step 4. Among studies used in Step 2, test addition of height and current BMI in the model.
· Step 5. Among studies in Step 2 that are not missing information on young adulthood BMI and recent weight change, test the contribution of these variables.
· Step 6. Among studies in Step 5 that had available information on alcohol consumption, test addition of alcohol intake in drinks/week.
· Step 7. Among studies used in Step 5 that also were not missing BBD history, test addition of BBD history to the model.
Model Assumptions
We tested model assumptions using the subset of cohorts with no variables missing by design. The time scale used in this analysis was age. We tested proportional hazards by: (1) plots of Schoenfeld residuals for each variable over age in the full model (checking for an even distribution around zero), (2) plots of -ln(-ln(Survival probability) vs. ln(age) (checking for parallel lines), and (3) tests of statistical interactions between age and variables (checking p-value). Two variables, history of BBD and age at menarche, displayed statistically significant interaction with age. However, plots were not indicative of substantial deviations from proportional hazards, and the magnitude of the age interaction was minimal. We therefore continued with the assumption of proportional hazards for our main model. We assessed each continuous variable for linearity using plots of Martingale residuals and found no evidence of large deviations from linearity.  We additionally conducted a sensitivity analysis which modeled the age*history of BBD interaction in a subset of cohorts with no variables missing by design and found no substantial changes in model performance. 
Estimation of model coefficients3 
The following is an example of how the meta-analysis to combine beta coefficients was performed across cohorts with missing variables by design in PBCCG.
Consider Study 1, which has available information on covariates X1 and X2, and Study 2, which only has information on X1 reported (i.e., is missing X2 by design). Two regression equations are run:
Group 1 Regression:  
Group 2 Regression: 
The coefficient of X1 is then adjusted to account for the correlation between missing and non-missing variables (as determined in the subset with complete covariate data), via the following equation:
Group 2 adjustment:  -  (
In the third step, the adjusted coefficient from Study 2 ( is combined withcoefficient from Study 1 in a random effects meta-analysis to obtain a new coefficient for X1. Because Study 2 did not include information on variable X2, the estimate for X2 in the final regression model will be identical to  from the equations above. 
Meta analysis: of for X1  
Comparison with iCARE-Lit Model 
The iCARE-Lit model has been developed previously and calibrated in several cohorts.4,5The variables for the iCARE-Lit model, predicting risk of in situ or invasive breast cancer among women <50 years of age, are: age at menarche, parity, age at first live birth, height, current BMI, alcohol consumption, oral contraceptive (OC) use, personal history of benign breast disease, and family history of breast cancer. Description of coefficient determination for the model can be found in previous publications .4 Given the lack of OC use data in PBCCG, this variable was not used in the comparison. To maintain consistency between the calculation of absolute risk in our model vs. using the iCARE-Lit model, and to match with model evaluation in previous publications, we applied age-specific incidence rates from SEER 2016-2020 data (see table below).  
	SEER Age-Specific Incidence Rates (2016-2020).*

	Age group
	Incidence Rate (IR) per 100,000 persons

	15-19
	0.2

	20-24
	1.7

	25-29
	10.5

	30-34
	31.3

	35-39
	65.1

	40-44
	132.7

	45-49
	200.6

	50-54
	236.5

	55-59
	271

	* Provided as one-year IR by SEER 



References:
1. Nichols HB, Schoemaker MJ, Wright LB, et al. The Premenopausal Breast Cancer Collaboration: A Pooling Project of Studies Participating in the National Cancer Institute Cohort Consortium. Cancer Epidemiol Biomarkers Prev. 2017;26(9):1360-1369. doi:10.1158/1055-9965.EPI-17-0246
2. Schoemaker MJ, Nichols HB, Wright LB, et al. Association of Body Mass Index and Age With Subsequent Breast Cancer Risk in Premenopausal Women. JAMA Oncol. 2018;4(11):e181771. doi:10.1001/jamaoncol.2018.1771
3. Kundu P, Tang R, Chatterjee N. Generalized meta-analysis for multiple regression models across studies with disparate covariate information. Biometrika. 2019;106(3):567-585. doi:10.1093/biomet/asz030
4. Garcia-Closas M, Gunsoy NB, Chatterjee N. Combined Associations of Genetic and Environmental Risk Factors: Implications for Prevention of Breast Cancer. J Natl Cancer Inst. 2014;106(11):dju305. doi:10.1093/jnci/dju305
5. Pal Choudhury P, Wilcox AN, Brook MN, et al. Comparative Validation of Breast Cancer Risk Prediction Models and Projections for Future Risk Stratification. J Natl Cancer Inst. 2019;112(3):278-285. doi:10.1093/jnci/djz113
