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Abstract

Background—Machine learning (ML) approaches facilitate risk prediction model development
using high-dimensional predictors and higher-order interactions at the cost of model
interpretability and transparency. We compared the relative predictive performance of statistical
and ML models to guide modeling strategy selection for surveillance mammography outcomes in
women with a personal history of breast cancer (PHBC).

Methods—We cross-validated 7 risk prediction models for two surveillance outcomes, failure
(breast cancer within 12 months of a negative surveillance mammogram) and benefit (surveillance-
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detected breast cancer). We included 9447 mammograms (495 failures, 1414 benefits and

7538 non-events) from years 1996-2017 using a 1:4 matched case-control samples of women

with PHBC in the Breast Cancer Surveillance Consortium. We assessed model performance

of conventional regression, regularized regressions (LASSO and elastic-net) and ML methods
(random forests and gradient boosting machines) by evaluating their calibration and, among well-
calibrated models, comparing the area under the receiver operating characteristic curve (AUC) and
95% confidence intervals (CI).

Results—LASSO and elastic-net consistently provided well-calibrated predicted risks for
surveillance failure and benefit. The AUCs of LASSO and elastic-net were both 0.63 (95%ClI
0.60-0.66) for surveillance failure and 0.66 (95%CI 0.64-0.68) for surveillance benefit, the highest
among well-calibrated models.

Conclusions—For predicting breast cancer surveillance mammography outcomes, regularized
regression outperformed other modeling approaches and balanced the trade-off between model
flexibility and interpretability.

Impact: Regularized regression may be preferred for developing risk prediction models in other
contexts with rare outcomes, similar training sample sizes, and low dimensional features.

Introduction

Numerous prediction modeling methods exist and have been applied in various health-

care settings for predicting the risk of clinical outcomes.1=3 Machine learning methods

may achieve superior predictive performance relative to more traditional regression-

based approaches by flexibly incorporating non-linear functional forms and higher-order
interactions to improve predictive accuracy. However, in real-world health-care settings
with modest sample sizes (for example thousands) and limited numbers of features (for
example dozens), regression-based modeling approaches have achieved equivalent or better
performance in a variety of clinical contexts.*~’ These regression-based approaches also
have the advantage of providing analytic expressions for the resultant prediction model,
which facilitates direct interpretation and supports clinical dissemination. It has been
shown that, in biomedical contexts, no single approach to clinical risk prediction model
development consistently outperforms others,” demonstrating that the relative utility of these
modeling approaches is context-dependent.

In addition to assessing global predictive performance, methodologic evaluation is needed

to ensure prediction models perform equitably across racial and ethnic groups and do not
perpetuate or exacerbate racial and ethnic disparities.8-12 This is a particular concern when
assessing the performance of machine learning methods, which generally require large
sample sizes and large numbers of events per variable to achieve good performance overall14
and may perform poorly in underrepresented race and ethnicity groups.

For women with a personal history of breast cancer (PHBC), current guidelines
recommended a “one size fit all” surveillance strategy using surveillance imaging for

early detection of an in-breast event to reduce morbidity and mortality.1>-17 Annual
surveillance mammography was recommended for women with a PHBC (except women
with bilateral mastectomies, who do not have residual breast tissue at risk)18.19 with variable
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endorsement of supplemental surveillance with breast MRI and full-breast ultrasound.18-22
Despite surveillance mammography use, 35% of second breast cancers are diagnosed within
one year of a negative surveillance mammogram.23-2% These “interval cancers” may be
considered a failure of surveillance imaging. Targeted supplemental surveillance imaging of
women at increased risk of interval cancers may improve surveillance outcomes. Because
personalized surveillance strategy selection includes weighing benefits and harms of each
option, estimation of surveillance benefit (surveillance-detected second breast cancers) is
another important consideration for acceptance of surveillance with mammaography alone.
Accurate and equitable risk prediction models for surveillance mammography failures and
benefits could potentially guide identification of women with PHBC for more effective
supplemental surveillance imaging. Yet it remains unclear which risk modeling approaches
are best suited for developing these risk prediction models.

Our objective was to develop prediction models for surveillance mammography outcomes
using a variety of statistical and machine learning approaches and evaluate their refative
predictive performance to provide a proof of principle for these modeling approaches. We
compared calibration and discrimination of alternative modeling approaches in this context
both overall and within racial and ethnic groups.

Materials and Methods

Study Population

This study included females (hereafter referred to as women) with PHBC from the 6 Breast
Cancer Surveillance Consortium (BCSC)2 registries: Carolina Mammography Registry
(North Carolina), Kaiser Permanente Washington Registry, Metropolitan Chicago Breast
Cancer Registry, New Hampshire Mammography Network, San Francisco Mammography
Registry, and Vermont Breast Cancer Surveillance System. Eligible women were previously
diagnosed with an incident American Joint Committee on Cancer (8™ edition) anatomic
stage?’ 0-111 index breast cancer (hereafter referred to as index breast cancer) and at ages

18 years or older between 1996 and 2016 who received surgical treatment. We excluded
women with incomplete diagnosis dates of index breast cancer and those receiving bilateral
mastectomy. Women with non-surgical treatments were additionally excluded from the
analysis as they were not treated with curative intent, likely due to increased age or
comorbidities, and were different from our intended population. Each BCSC registry and the
Statistical Coordinating Center (SCC) have received institutional review board approval for
all study procedures, including passive consenting processes (three registries) or a waiver of
consent (three registries and the SCC) to enroll participants, link data, and perform analytic
studies. All procedures are Health Insurance Portability and Accountability Act (HIPAA)
compliant. All registries and the SCC have received a Federal Certificate of Confidentiality
and other protections for the identities of women, Physicians, and facilities who are subjects
of this research.

Data Collection

Index and second breast cancers, either ductal carcinoma /n situ (DCIS) or invasive,
were identified from state tumor registries, regional SEER programs and pathology
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databases. Second breast cancers included recurrences and new primary breast cancers. We
evaluated surveillance mammograms (mammaography examinations performed for detecting
asymptomatic subsequent breast cancer in women with PHBC)28 captured in the 6 BCSC
registries from all eligible women. We included all surveillance mammograms occurring
during 1996-2017 and =6 months after the diagnosis of index breast cancer, to allow time
for treatment completion. For women with a second ipsilateral or contralateral breast cancer,
only exams before the second diagnosis were included in the analysis. Eligible surveillance
mammograms all had complete follow-up to the next surveillance mammogram, second
breast cancer diagnosis, death, or 12 months, whichever came first.

Surveillance Mammography Outcomes

A surveillance mammogram was considered positive if the final American College of
Radiology Breast Imaging Reporting and Data System (BI-RADS)29 assessment was a
Category 3 (Probably benign), 4 (Suspicious), or 5 (Highly suspicious). Surveillance failure
was defined as a second breast cancer diagnosed within the follow-up period after a negative
surveillance exam with BI-RADS assessments of Category 1 (Negative) or 2 (Benign).
Surveillance benefitwas defined as a second breast cancer diagnosed within the follow-up
period after a positive surveillance exam. A mammogram with no second breast cancer
diagnosis during the follow-up period was defined as a non-event.

Predictor Variables

We considered women’s demographic and clinical features, and characteristics of index
breast cancer as candidate predictors.30:31 Demographic characteristics included each
woman’s racial and ethnic group (Non-Hispanic Asian and Pacific Islander [Asian/PI], Non-
Hispanic Black, Hispanic, Non-Hispanic Other, and Non-Hispanic White); age, menopausal
status, first-degree family history of breast cancer, body mass index (BMI) measured at
each surveillance mammogram; age and calendar year of index breast cancer diagnosis.
Clinical features included radiologist-interpreted BI-RADS breast density, mammography
modality (film-screen, digital mammography, or digital breast tomosynthesis), time since
previous mammaography, and previous surveillance mammaography (first surveillance, 3-8
months, 9-14 months, 15-23 months, =24 months). The characteristics of index breast
cancer included mode of detection (surveillance-detected, interval-detected, and clinically
detected): pathological features including histology, stage,2’ grade, and estrogen and
progesterone receptor (ER/PR) status; and treatment including the type of surgery, receipt
of radiation, and receipt and the type of adjuvant therapy.32 We also considered two-way
interactions between BMI, breast density, and race/ethnicity.33 Continuous predictors were
included in regression models using natural cubic splines with 4 degrees of freedom. Years
since index breast cancer diagnosis was accounted for in all modeling approaches.

Case-control Matching Design

We used a frequency-matching design with a 1-to-4 case-control ratio per outcome based

on two considerations, increasing efficiency for regression models34:3% and minimizing the
impact of class imbalance on prediction performance of machine learning approaches.36:37
Given that the number of years since the index breast cancer diagnosis impacts second breast
cancer rates38:39 but not the risk of surveillance failures,3! we matched cases and controls
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on this variable to increase similarity in the second breast cancer rate among cases and
controls in the analytical data. The controls per outcome were selected from non-events
and mammograms meeting the definition for the other outcome. For example, in modeling
surveillance failure, both non-events and surveillance benefit served as potential controls.
The response per outcome was encoded as a binary variable (1: case vs. 0: control) in all
modeling approaches described below.

Regression Techniques

We considered an “expert” model with covariates based on prior research findings3! (race
and ethnicity, breast density, characteristics of index breast cancer including treatment,
mode of detection, grade, histology, ER/PR status, and age at diagnosis), a model with

all candidate predictors (full model), and two regularized regressions, LASSO*C and
elastic-net?! which selected predictors and regularized effect estimations simultaneously
using constrained optimization. Additionally, logistic regression with predictors selected
by LASSO but re-estimated without a penalty term (debiased LASSO) was evaluated

as regularized parameter estimates are biased.42 We conducted a sensitivity analysis for
regularized regressions in which we enforced unregularized inclusion of years since index
breast cancer diagnosis to verify the robustness of prediction performance against the
variable selection on the matching factor. Regularized regressions were fitted using a R
package “glmnet” (version 4.1-2) with a logit link for binary outcomes. The penalty was
chosen via 10-fold cross-validation.

Machine Learning Algorithms

We considered two ensemble tree-based machine learning approaches: random forests*3 and
gradient boosting machines.** Random forests built multiple decision trees, which were
trained individually using random subsets of predictors in random subsamples, and produced
the final prediction by averaging predictions from individual decision trees. Gradient
boosting machines are ensemble algorithms, which aggregate multiple weak decision

trees built in a sequential way. Each weak decision tree is trained by a gradient-descent
based method to improve the error (so-called ‘boosting’) in the ensemble aggregating

the preceding trees. Details of choosing hyperparameters are descripted in Supplemental
Methods.

Descriptive Statistics

We summarized the distributions of women’s demographic and clinical features and index
breast cancer characteristics stratified by outcome (surveillance benefit, surveillance failure,
or non-event). Categorical variables were summarized using frequencies and percentages.
Continuous variables were summarized with 15t quartile, median and 3 quartile.

Missing Data

Multiple imputation by chained equations*®46 was used to impute missing data. We imputed
missing values of each predictor using all other candidate predictors, interaction terms and
two indicators of surveillance failure and benefit. For non-linear and interaction terms, we
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imputed using the “just another variable’ approach,*” which directly imputes transformed
values. All predictions and assessments were based on 10 imputed complete datasets.

Cross-validation

We conducted a 10-fold cross-validation to assess risk model performance built using the
7 modeling approaches. Samples were randomly partitioned into 10 groups, among which
9 groups were used as the training set and the remaining one as the testing set in each
cross-validation round.

Performance Evaluation

We first evaluated and compared the 7 risk prediction models for each of surveillance
failure and benefit assessing the calibration?® of predicted risks. Calibration was assessed
using the expected-to-observed event ratio (E/O ratio) and the Cox calibration intercept

and slope, which detected any systematic bias and over/underfitting, respectively. Here
overfitting (underfitting) refers to cases in which predicted risks in high- and low-risk groups
are more (less) extreme than observed risks. We additionally evaluated weak calibration

for alignment between predicted and observed risks within deciles stratified by predicted
risks, quantified by Hosmer-Lemeshow test#° p-value. A well-calibrated model met all the
following criteria: the 95% confidence intervals (95% CI) for E/O ratio, calibration intercept
and slope overlapping 1, 0, and 1, respectively; and Hosmer-Lemeshow p-value >0.05. The
discriminatory accuracy of well-calibrated models and the expert model were then evaluated
using the area under the receiver operating characteristic curve (AUC). The 95% CI for

each performance metric are reported. A secondary calibration assessment of predicted risks
was carried out in individual racial and ethnic groups, including Non-Hispanic Asian/Pl,
Non-Hispanic Black, and Non-Hispanic White, to evaluate algorithmic fairness given that
Non-Hispanic Black experiences breast cancer disparities relative to Non-Hispanic Asian/PI
and Non-Hispanic White.50:51

Variable Importance

We evaluated the importance of predictors for regularized regressions by the frequency of
predictors being selected into the prediction models, averaged across imputed datasets. We
quantified variable importance in random forests by Mean Decrease Accuracy,® and in
gradient boosting machines by the improvement in accuracy to each tree contributed by each
feature (i.e. a continuous predictor or a dummy variable representing a level of a categorical
predictor). The transformation from feature-level importance to predictor-level is illustrated
in Supplemental Methods. Variable importance per predictor was calculated in individual
imputed datasets, then averaged across imputation sets. For cross-approach comparison,
predictor importance ranks for random forests and gradient boosting machines were used.

Data availability

The data underlying this article will be shared on reasonable request to the corresponding
author and BCSC with appropriate regulatory approvals.
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Descriptive Statistics

Calibration

The analytical sample consisted of 9447 surveillance mammograms, including 495 (5.2%)
surveillance failures, 1414 (15.0%) surveillance benefits, and 7538 (79.8%) non-events
(Table 1). Most mammograms were from Non-Hispanic White women (7453 (81.4%)).
Non-Hispanic Asian/Pl women contributed 769 (8.4%) exams, Non-Hispanic Black women
486 (5.3%), Hispanic women 266 (2.9%), Non-Hispanic other racial or mixed group
women 185 (2.0%), and 288 (3.0%) mammograms from women with unknown race and
ethnicity information. Median age at surveillance mammograms was 64 years (15t and 3
quartiles: 55 and 73 years). The missing rate of predictors ranged from 0.2% to 35%

with a median of 2.2%. Among the three outcome groups, surveillance failures tended to
occur more in women with younger age, heterogeneously or extremely dense breasts, and
index breast cancer that was interval or clinically detected, stage 1B or above, grade 3,

both ER and PR negative, treated with mastectomy, or received chemotherapy. Surveillance
benefits occurred more frequently among women with a family history of breast cancer

and shorter surveillance intervals (3-8 months), whose index breast cancer tended to be
DCIS and treated with breast conserving surgery without any adjuvant therapy, compared to
mammograms associated with no second breast cancer diagnosis.

For surveillance failure (Figure 1, top), all regression-based approaches demonstrated E/O
ratios of 1.00 (95%Cl: 0.92-1.09) and calibration intercepts of 0.00 (95% Cl:-0.11-0.10
for full model; —0.10-0.10 for the others), indicating no systematic biases. LASSO and
elastic-net had calibration slopes of 1.02 (95% CI: 0.79-1.24) and 1.03 (95% CI: 0.80-1.26),
respectively, and expert model of 0.83 (95% CI: 0.65-1.02), while the others had slopes
significantly less than 1 (range: 0.60-0.72), suggesting overfitting. Random forest had

no significant systematic bias as its E/O ratio (1.05, 95% CI: 0.97-1.15) and calibration
intercept (—0.07, 95% ClI: —0.17-0.03). However, it overfit as suggested by its calibration
slope (0.79, 95% CI: 0.59-0.98). Gradient boosting machine predictions had a calibration
intercept of —0.09 (95% CI: —0.19-0.01) and slope of 0.98 (95% ClI: 0.75-1.22). The
predicted risks from expert model, LASSO, elastic-net, and gradient boosting machines
passed the Hosmer-Lemeshow test and demonstrated consistency between predicted and
observed risks across most risk deciles (Figure 2). However, the expert model and gradient
boosting machines overpredicted the risks in high-risk deciles.

For surveillance benefits (Figure 1, bottom), all regression-based approaches had E/O ratios
and calibration intercepts of 1 and 0, respectively, indicating no systematic biases. Of
these, all except the full model showed calibration slopes close to 1 (range: 0.88 to 1.10)
with 95% CI including 1. The full model calibration slope was significantly less than 1,
suggesting overfitting. The gradient boosting machines was well-calibrated; however, the
random forest showed overfitting as its calibration slope was significantly less than 1 (0.86,
95% CI: 0.74-0.97). The weak calibration (Figure 3) showed that the predicted risks from
the expert model, LASSO, elastic-net, and gradient boosting machines were consistently
close to the observed risks across the 10 risk deciles and passed the Hosmer-Lemeshow
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test. The sensitivity analysis on regularized regressions shown in Supplemental Table S1
demonstrated similar calibration after enforcing an adjustment of the matching factor for
both surveillance outcomes.

Discrimination

We compared the receiver operating characteristic curves and AUCs of the models with
good calibration: the expert model, LASSO, elastic-net and gradient boosting machines
(Figure 4A and 4B). The expert model, LASSO and elastic-net all had AUCs for
surveillance failure of 0.63 (95% Cls: 0.60-0.66); gradient boosting machines had slightly
lower AUC (0.62; 95% CI: 0.59-0.65) although not significantly different from LASSO
(p=0.26). For surveillance benefit, the AUCs of LASSO and elastic-net were 0.66 (95% Cls:
0.64-0.68), slightly higher than that of gradient boosting machines (0.65; 95% CI: 0.63-0.66)
(p<0.001) and substantially higher than the expert model (0.59; 95% CI: 0.58-0.61)
(p<0.001).

Calibration Stratified by Race and Ethnicity

Regression-based predicted risks of surveillance failures (Figure 5, top) were robustly
unbiased across racial and ethnic groups. The machine learning approaches demonstrated
more noticeable biases in estimated risks in several groups compared to regression-

type approaches. Conventional regression approaches showed overfitting in Non-Hispanic
Asian/PI and Black women. Overall, the predicted risks derived from LASSO, elastic-net
and random forests were well-calibrated across Non-Hispanic Asian/Pl, Black and White
women. For surveillance benefit (Figure 5, bottom), all methods demonstrated unbiased risk
predictions across Non-Hispanic Asian/PI, Black and White women. Except for random
forests, other methods did not show significant over- or underfitting across these racial and
ethnic groups.

Variable Importance Measures

For predicting surveillance failure risk, the expert model consisted of 21 features, including
dummy variables and spline basis functions, representing 9 predictors while on average

34 (range: 28-41) and 37 (range: 31-47) out of 90 features (representing 19 predictors)
were selected by LASSO and elastic-net, respectively, across imputed data sets. Among

the 9 expert-selected predictors, 6 (breast density, information of index breast cancer
including age at diagnosis, mode of detection, grade, ER and PR status and receipt of
radiation treatment) were consistently selected by both regularized regressions for modeling
surveillance failure (Supplemental Figure S1(A)). The estimated effect sizes for these
selected features were comparable between LASSO and elastic-net, and substantially larger
in the expert model (Supplemental Table S2). Only age at diagnosis and mode of detection
of index breast cancer among the 9 expert-selected predictors were ranked among the top 5
by variable importance in both machine learning approaches (Supplemental Figure S2).

For modelling surveillance benefits, similar patterns were observed for variable importance
in regularized regressions. Among the 9 expert-selected predictors, index breast cancer
characteristics including ER and PR status, grade, radiation, and surgical treatments,

were constantly selected into regularized regressions (Supplemental Figure S1(B) and

Cancer Epidemiol Biomarkers Prev. Author manuscript; available in PMC 2023 October 03.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Suetal. Page 9
Supplemental Table S2. Index breast cancer radiation and surgical treatments were ranked
with top 5 variable importance in gradient boosting machines while the age at index breast
cancer diagnosis was ranked second important in random forests (Supplemental Figure S3).

Discussion

We compared model predictive performance for estimating surveillance mammography
failure and benefit risks derived using conventional regression, regularized regression, and
machine learning approaches. The clinical motivation for this methodological research

was to identify women at greater risk of surveillance failure to potentially target for
supplemental surveillance, and to support confidence in selecting guideline-concordant
annual surveillance with mammography alone for others. Specifically, we evaluated the
comparative calibration and discrimination of alternative approaches to determine whether
more flexible models could lead to improvement. The evaluation presented in this study

is only intended for guiding the method selection in risk model development in similar
clinical contexts characterized by a moderate sample size, infrequent outcomes and modest
number of predictor variables, particularly in the domain of cancer risk prediction. We found
that regularized regression provided well-calibrated predictions for both outcomes and had
comparable or better discriminatory accuracy compared to other approaches.

Despite greater model flexibility, machine learning methods did not outperform regression-
type approaches, particularly random forests which overfit the risk of both surveillance
outcomes. The expert model had fair calibration (well-calibrated overall and overpredicted
in high-risk groups) but good discrimination for surveillance failure and good calibration
but inferior discrimination for surveillance benefit. Overall, regularized regression provided
the most consistently well-calibrated and accurate risk estimates for both surveillance
failures and benefits. In this clinical context, regularized regression balances the tradeoff
between the flexibility of more modern machine learning approaches and the parsimony and
interpretability of traditional regression approaches.

The population reflected by the matched case-control sample used in this study differ

from the clinical target population comprising women with a PHBC. The results cannot be
directly applied to the target population because the predictive contribution of the matching
factors in a case-control study is greatly distorted.>3 The main goal of this study was to
understand the refative predictive performance of these modeling approaches. In the future
research, we will build 5-year risk models with the preferred modeling method informed by
this study and a discrete survival framework using all eligible examinations from women
with a PHBC in the BCSC.* These 5-year models will be evaluated in samples reflecting
the target population before being introduced into clinical practice.>®

Our study adds to prior studies which have investigated the relative performance of
alternative approaches to clinical risk prediction modeling and found no systematic benefit
of machine learning.” Our results reinforce the finding that clinical risk models in settings
with modest numbers of predictors, moderate sample sizes and infrequent outcomes may
not benefit from machine learning approaches. In many computer science studies of
machine learning approaches, these methods have been found to substantially outperform
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1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Suetal.

Page 10

regression methods for risk prediction.5® However, the settings of those studies often
featured many more predictors, larger sample sizes, and more common outcomes than are
typically available for developing clinical risk prediction models. Moreover, in addition to
prediction performance of the models, ease of implementation is an important consideration
in clinical risk prediction settings.28 While all approaches considered in this investigation
require collection of a similar number of variables, the regression-based predictions can

be disseminated via a regression equation whereas machine learning models do not have a
simple representation, requiring dissemination via software. Implementation challenges and
the limited transparency of such approaches is a barrier for patients, providers, and health
systems, resulting in limited clinical uptake.11:28

Equity in Accuracy of Predictions

Limitations

We found calibration was more likely to be differential across racial and ethnic groups

for machine learning approaches. Calibration in racial and ethnic groups have important
implications for risk model equity.? Systematic over-prediction of risk in some groups and
under-prediction in others has the potential to result in inequitable resource allocation. In
the case of surveillance mammography, risk models with inequitable performance may result
in differential access to supplemental surveillance imaging. The specific metrics that should
be used to guide risk-model development to ensure equity vary depending on the intended
use of the model® and, importantly, it is often impossible to simultaneously achieve equity
with respect to all metrics. In this study, regularized regression provided robust performance
with respect to calibration. Our results suggest that surveillance risk prediction models using
regularized regression approaches may less likely introduce additional inequities in resource
allocation across racial and ethnic groups, other than the potential inequity due to disparities
in data capture, including breast cancer diagnosis.

A few limitations of this study should be noted. Machine learning methods are sensitive

to the choice of hyperparameters. We followed best practices for tuning hyperparameters
using cross-validation; nonetheless, results could vary if alternative hyperparameters were
selected. Second, our results must be interpreted considering the features of the context

in which they were generated. We have conducted this methodologic comparison in the
specific setting of surveillance mammography for breast cancer using outcomes for each
surveillance round. Our results are likely generalizable to other settings featuring similar
sample size, total number of predictors, number of continuous and categorical predictors,
and complexity of interactions. Third, as we multiply imputed missing data in a supervised
manner (outcomes included in imputation models) prior to assessing model performance
via cross-validation, the validation results may be subject to some optimism.5” Further
investigation is warranted to understand whether such optimism differs across modeling
approaches. Fourth, multiple imputation could hinder dissemination for regression-based
approaches as predicted risks are averaged across multiple models fitted in individual
imputed datasets. As a result, the final model is not available in the form of a single
regression equation. However, an online calculator accompanied with regression equations
derived from individual imputed datasets is easy to implement and share when the number
of features is modest. Finally, the limited sample sizes and small number of outcomes in
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some racial and ethnic groups, particularly Hispanic women, could limit the reliability of
the calibration assessment in these groups. An external validation in a diverse cohort may be
warranted to provide more reliable assessment of model equity.

Conclusions

Regularized regression predicted surveillance mammography failure and benefit risks that
were well-calibrated and with good discriminatory accuracy. Estimates were well-calibrated
across non-Hispanic Asian/PI, non-Hispanic Black, and non-Hispanic White groups.
Regularized regression balances the trade-off between model flexibility and interpretability
and has an additional advantage of implementation compared with machine learning
approaches such as random forests and gradient boosting machines. In the context of

breast cancer surveillance imaging and other similar settings, regularized regression has

the potential to support development of risk-guided clinical decision-making models that are
both fair and accurate.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Assessment on overall model calibration.
We showed the overall model calibration measured by three metrics, including the ratio of

expected to observed events (E/O ratio) and calibration intercept and slope for surveillance
failure (interval cancer; top panel) and benefit (surveillance-detected cancer; button panel)
for each prediction modeling approach. The 95% CI for each calibration measure was shown
using the error bars. The vertical lines showed the ideal value for each metric (1 for E/O
ratio, O for calibration intercept, and 1 for calibration slope).
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Figure 2. Weak calibration for 7 risk prediction modelsfor surveillance failure (interval second

breast cancer).

Each subfigure demonstrated the weak calibration of an individual modeling approach by

comparing the mean predicted risk (x-axis) to the observed risk of surveillance failure

(y-axis) in 10 deciles determined by the predicted risk. The vertical error bars showed the
95% confidence interval of the observed risk of surveillance failure in individual deciles. A
p-value from the Hosmer-Lemeshow test (HL test) was shown as well for each modeling

approach.
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Figure 3. Weak calibration for 7 risk prediction modelsfor surveillance benefit (surveillance-
detected cancer).

Each subfigure demonstrated the weak calibration of an individual modeling approach by
comparing the mean predicted risk (x-axis) to the observed risk of surveillance benefit
(y-axis) in 10 deciles determined by the predicted risk. The vertical error bars showed the
95% confidence interval of the observed risk of surveillance benefit in individual deciles.
A p-value from the Hosmer-Lemeshow test (HL test) was shown as well for each modeling
approach.
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(B) Models for benefit
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Figure 4. Receiver operating characteristic curvesfor surveillance failure (panel A) and
surveillance benefit (panel B) for well-calibrated risk modeling approaches.

We showed the receiver operating characteristics curves for 4 well-calibrated risk prediction
models, the expert model, LASSO model, elastic-net (EN) model and gradient boosting
machines (GBM), along with their AUCs and the corresponding 95% confidence interval.
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Figure 5. Race and ethnicity-stratified model calibration for surveillance failures (top panel) and
benefits (button panel) in Non-Hispanic racial and ethnic groups.

This figure showed the assessment of race and ethnicity-stratified model calibration by three
metrics, including the ratio of expected and observed events (E/O ratio) and the calibration
intercept and slope within three Non-Hispanic racial and ethnic groups, including Asian and
Pacific Islander, Black, and White. The 95% CI for each calibration measure was shown
using the error bars. The vertical lines showed the ideal value for each metric (1 for E/O
ratio, O for calibration intercept, and 1 for calibration slope).
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Table 1.

Distribution of risk factors stratified by surveillance mammography outcome
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Risk factors

surveillance failure®
(N=495, 5.2%)

Surveillance benefitb

(N=1414, 15.0%)

No second breast
cancer diagnosis
(N=7538, 79.8%)

Overall® (N=9447)

Age at surveillance exam

Median (Q1, Q3)d 60 (52, 71) 65 (56, 74) 64 (56, 73) 64 (55, 73)
Race and ethnicity (missing n=288, 3.0%)

Non-Hispanic Asian/PI® 43 (9.1%) 127 (9.3%) 599 (8.2%) 769 (8.4%)

Non-Hispanic Black 37 (7.8%) 75 (5.5%) 374 (5.1%) 486 (5.3%)

Hispanic 10 (2.1%) 41 (3.0%) 215 (2.9%) 266 (2.9%)

Non-Hispanic others” 11 (2.3%) 23 (1.7%) 151 (2.1%) 185 (2.0%)

Non-Hispanic White 374 (78.7%) 1098 (80.5%) 5981 (81.7%) 7453 (81.4%)
Menopausal status (missing n=1432, 15.2%)

Post-menopause 308 (76.2%) 1058 (85.5%) 5637 (88.5%) 7003 (87.4%)

Peri/Pre-menopause 96 (23.8%) 180 (14.5%) 736 (11.5%) 1012 (12.6%)

First degree family history of bre

ast cancer (missing n=208, 2.2%)

No

356 (73.4%)

964 (70.2%)

5618 (76.1%)

6938 (75.1%)

Yes

129 (26.6%)

409 (29.8%)

1763 (23.9%)

2301 (24.9%)

Body mass index, kg/m? (missing n=3306, 35%)

Median (Q1, Q3)

25.3 (22.2, 29.8)

26.4 (23.2, 31.1)

25.7 (22.8,30.1)

25.7 (22.8,30.2)

Surveillance mammography modality (missing n=64, 0.7%)

Film mammography 189 (38.3%) 495 (35.3%) 2356 (31.5%) 3040 (32.4%)
Digital mammography 276 (55.9%) 822 (58.7%) 4577 (61.1%) 5675 (60.5%)
Digital breast tomosynthesis 29 (5.9%) 84 (6.0%) 555 (7.4%) 668 (7.1%)

BI-RADS breast density (missing n=1095, 11.6%)

Almost entirely fatty 23 (5.4%) 114 (9.6%) 632 (9.4%) 769 (9.2%)

Scattered fibroglandular 157 (36.7%) 549 (46.4%) 3208 (47.6%) 3914 (46.9%)

Heterogeneously dense 209 (48.8%) 453 (38.3%) 2509 (37.2%) 3171 (38.0%)

Extremely dense 39 (9.1%) 68 (5.7%) 391 (5.8%) 498 (6.0%)
Months since last mammogram (missing n=24, 0.3%)

Median (Q1, Q3) 13 (11, 13) 13 (10, 13) 13 (12, 13) 13 (12, 13)
Months since last surveillance mammogram (missing n=30, 0.3%)

1st surveillance mammogram 107 (21.7%) 266 (18.9%) 1616 (21.5%) 1989 (21.1%)

3-8 47 (9.6%) 214 (15.2%) 498 (6.6%) 759 (8.1%)

9-14 266 (54.1%) 679 (48.2%) 4357 (58.0%) 5302 (56.3%)

15-23 31 (6.3%) 120 (8.5%) 542 (7.2%) 693 (7.4%)

24+ 41 (8.3%) 129 (9.2%) 504 (6.7%) 674 (7.2%)
Mode of detection of index breast cancer (missing n=685, 7.3%)

Screening detected 215 (47.4%) 862 (66.0%) 4472 (63.9%) 5549 (63.3%)
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Risk factors

Surveillancefajlureal
(N=495, 5.2%)

Surveillance benefit®

(N=1414, 15.0%)

No second breast
cancer diagnosis
(N=7538, 79.8%)

Overall® (N=9447)

Interval detected 167 (36.8%) 314 (24.0%) 1794 (25.6%) 2275 (26.0%)

Clinically detected 72 (15.9%) 130 (10.0%) 736 (10.5%) 938 (10.7%)
Age at index breast cancer diagnosis (years)

Median (Q1, Q3) | 55 (47, 66) | 59 (50, 68) | 58 (50, 67) 58 (50, 67)

Calendar year of index breast cancer diagnosis

Median (Q1, Q3) |

2003 (1999, 2007) |

2003 (1999, 2006)

| 2003 (2000, 2007) |2003 (2000, 2007)

Histology of index breast cancer

(missing n=2245, 23.8%)

Ductal 317 (82.3%) 794 (83.8%) 4854 (82.7%) 5965 (82.8%)
Non-ductal 68 (17.7%) 154 (16.2%) 1015 (17.3%) 1237 (17.2%)
AJCC v8 stage of index breast cancer (anatomic)
DCIS 112 (22.6%) 472 (33.4%) 1685 (22.4%) 2269 (24.0%)
Stage | 205 (41.4%) 617 (43.6%) 3593 (47.7%) 4415 (46.7%)
Stage 1A and I NOS 89 (18.0%) 181 (12.8%) 1330 (17.6%) 1600 (16.9%)
Stage 11B and above 89 (18.0%) 144 (10.2%) 930 (12.3%) 1163 (12.3%)
Grade of index breast cancer (missing n=793, 8.4%)
1 78 (17.0%) 292 (23.0%) 1698 (24.5%) 2068 (23.9%)
2 191 (41.6%) 516 (40.6%) 2923 (42.2%) 3630 (41.9%)
3 190 (41.4%) 462 (36.4%) 2304 (33.3%) 2956 (34.29%)
ER and PR status of index breast cancer (missing n=1804, 19.1%)
ER+ PR+ 261 (65.6%) 755 (71.6%) 4578 (74.0%) 5594 (73.2%)
ER + PR - 29 (7.3%) 81 (7.7%) 580 (9.4%) 690 (9.0%)
ER-, PR+ 8 (2.0%) 14 (1.3%) 97 (1.6%) 119 (1.6%)
ER -, PR - 100 (25.1%) 205 (19.4%) 935 (15.1%) 1240 (16.2%)

Surgical treatment for index brea

st cancer (missing n=20, 0.2%)

Mastectomy 145 (29.3%) 224 (15.8%) 1888 (25.0%) 2257 (23.9%)

Breast conserving surgery 349 (70.5%) 1187 (83.9%) 5634 (74.7%) 7170 (75.9%)
Radiation treatment for index breast cancer (missing n=77, 0.8%)

With radiation 241 (48.9%) 757 (54.2%) 4240 (56.7%) 5238 (55.9%)

Without radiation

252 (51.1%)

639 (45.8%)

3241 (43.3%)

4132 (44.1%)

Adjuvant therapy for index breast cancer (missing n=539, 5.7%)

None 191 (40.4%) 721 (54.3%) 2626 (36.9%) 3538 (39.7%)
Chemotherapy only 115 (24.3%) 164 (12.3%) 1132 (15.9%) 1411 (15.8%)
Hormonal therapy only 96 (20.3%) 318 (23.9%) 2344 (33.0%) 2758 (31.0%)
Both 71 (15.0%) 125 (9.4%) 1005 (14.1%) 5%)

a. . . . . . . .
Surveillance failures were interval second breast cancers, including both DCIS and invasive cancers.

Surveillance benefits were surveillance-detected second breast cancers, including both DCIS and invasive cancers.
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The overall examinations included all surveillance failures, surveillance benefits, and controls matched by years since index breast cancer
diagnosis at a 1:4 case-control ratio. The controls for surveillance failures could be examinations with no cancer diagnosis or surveillance benefits.
The controls for surveillance benefits could be examinations with no cancer diagnosis or surveillance failures.

a. ] . .

Q1, Q3: the first and third quartiles.

e'PI: Pacific-Islanders.

f . . . .
Including Native American, Mixed, and other race.
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