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Abstract. Deep learning models for mammographic breast cancer de-
tection are developed and validated predominantly in cohorts from the
continental US and Europe, while Native Hawaiian and Pacific Islander
women, who experience later-stage diagnoses and poorer outcomes, re-
main underrepresented. Federated learning (FL) enables collaborative
training without sharing patient data, but standard Federated Averag-
ing produces a single global model that may underperform at individual
sites differing in population, case mix, and image acquisition. We adapted
GMIC, a multiple-instance classifier for mammographic breast cancer
detection, for federated fine-tuning with NVIDIA FLARE and evalu-
ated shared-global (FedAvg, FedProx) and personalized (FedBN, Ditto)
strategies, plus a module-wise Ditto variant with per-module regulariza-
tion. We constructed a three-site federation comprising a diverse Pacific
Island cohort and cohorts based in the mainland US and Australia from
the public RSNA Screening Mammography dataset. FedAvg, FedProx,
and FedBN improved the largest site but left smaller sites at or below pre-
trained performance; FedBN, despite personalizing batch-normalization
statistics, was least equitable. Ditto improved the worst-performing site
(test AUC 0.87 vs. 0.83 for the others and 0.84 for local-only training)
while reducing cross-site AUC spread (0.019 vs. 0.030 for FedAvg) and
matching the pooled performance of centralized training, without sharing
data. Module-wise Ditto provided no measurable advantage over stan-
dard Ditto. To our knowledge, this is the first equity-motivated applica-
tion of personalized FL to mammographic cancer detection in a Pacific
Islander population, suggesting that personalized FL can improve robust-
ness to site heterogeneity by allowing local adaptation while retaining the
benefits of collaborative learning.

Keywords: Federated learning - Personalization - Breast cancer - Mam-
mography - Health equity - Pacific Islander - GMIC
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1 Introduction

Breast cancer is the most common malignancy in women worldwide [1], and
screening mammography is the primary tool for early detection. Deep learning
now matches radiologist-level performance in mammographic interpretation [2—-
4], yet models are overwhelmingly developed on majority-White, continental US,
and European cohorts [5]. Such models can transfer poorly to sites whose pa-
tients, case mix, and imaging differ from the training distribution. This concern
is especially acute for Native Hawaiian and Pacific Islander (NHPI) women, who
face socioeconomic barriers and medical mistrust [6], resulting in later-stage di-
agnoses [7] and poorer survival [8].

Hawai’i has no racial majority (37% Asian, 10% NHPI, 23% White) [9], and
its population differs from mainland US and other western cohorts in imaging-
relevant ways: higher breast density [10] and greater than two-fold variation
in incidence and survival within subgroups of the aggregate “Asian” label [11,
12]. Federated learning (FL) [13] enables collaborative training without sharing
patient data, but its standard algorithm (FedAvg) averages client parameters into
one global model that, under such non-independent and identically distributed
(non-I1ID) heterogeneity, may perform inadequately for some or all sites [14].
FedProx [14] adds a proximal penalty that keeps each client’s local update near
the current global model, reducing client drift while still producing a single
shared model.

Personalized FL instead lets each site maintain a model adapted to its lo-
cal distribution while still benefiting from collaboratively learned parameters,
replacing a single shared model with a family of related site-specific models.
FedBN [15] keeps batch-normalization parameters local so each site adapts fea-
ture normalization to its own imaging distribution; Ditto [16] trains a full per-site
model regularized toward the shared global FedAvg model, with a coefficient A
controlling the degree of personalization.

In this work we: (1) adapt GMIC [2], a high-resolution globally-aware clas-
sifier, for federated training with NVFlare [17] across a heterogeneous three-
site federation; (2) evaluate shared-global (FedAvg, FedProx) and personalized
(FedBN, Ditto) FL algorithms using a diverse Pacific Island site (the largest
of our three cohorts) alongside US and Australian screening sites; (3) show
that shared-global FL and FedBN’s batch-norm-only personalization improve
the largest site but not the smaller sites, whereas Ditto’s per-site models im-
prove the worst-performing site, equalize performance, and approach a central-
ized data-pooling ceiling without sharing data; (4) propose module-wise Ditto,
an architecture-motivated shared-backbone/private-head variant, and report the
negative result that per-module tuning performs on par with scalar Ditto; and
(5) frame these findings as evidence for when federation helps equity: from a
strong pretrained backbone, standard federation adds little over local fine-tuning
and can disadvantage smaller sites, whereas per-site personalization recovers
them, with the site most at risk set by data scale and cross-site heterogeneity.
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2 Related Work

2.1 Deep Learning for Mammographic Breast Cancer Detection

Deep learning for mammography has progressed from patch-level classifiers to
whole-image models at near-native resolution, reaching radiologist-level per-
formance [4], and foundation-model approaches such as Mammo-CLIP attain
expert-level accuracy with less labeled data [18]. Mammography AI has not
been robustly validated in adequately powered, disaggregated Native Hawaiian
and Pacific Islander cohorts, and commercial AT algorithms show race-associated
performance differences [19], underscoring the risk of deploying models without
population-specific evaluation.

We adopt GMIC [3] as our backbone: it processes mammograms at high
resolution (2944 x 1920) using less GPU memory than ResNet-34 and yields
weak lesion localization from image-level labels alone.

2.2 Federated Learning for Breast Cancer and Mammography

In mammography, FL has largely addressed breast-density classification [20]
rather than cancer detection; the few cancer-detection efforts target class imbal-
ance and non-IID distributions [21] or domain-harmonization preprocessing [22].
Critically, no prior mammography FL work has addressed personalization for
health equity across racially heterogeneous populations: personalized methods
(FedProx [14], FedBN [15], Ditto [16]) and fairness-aware FL [23] have been
evaluated only in general settings, and none on breast-cancer screening or Pa-
cific Islander populations. This paper addresses that gap.

3 Methods

3.1 GMIC Architecture

We adopted the GMIC framework [3,2] for breast-level malignant classifica-
tion. Given a grayscale image (2944 x 1920), GMIC proceeds in three stages:
a reduced-width ResNet-22 processes the high-resolution image at low memory
cost, producing saliency maps of suspicious findings; a full-width ResNet-18 ex-
tracts features from K = 6 ROI patches via gated attention; and a fusion module
combines global and local representations.

3.2 Federated GMIC with NVIDIA FLARE

We implemented federated GMIC using NVFlare [17] via a custom executor that
handled local training and server communication. Each client preprocessed iden-
tically: largest-connected-component breast cropping, orientation standardiza-
tion (right-laterality views mirrored), and isotropic rescaling with zero-padding
to the 2944 x 1920 input; ROIs were selected by GMIC’s saliency mechanism.
Clients ran in Podman/Docker containers with GPU passthrough, enabling de-
ployment across heterogeneous hardware (per site in Table 1).
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3.3 Federated Learning Strategies

Centralized. We trained a single model on the pooled three-site data, a bench-
mark isolating decentralization from personalization.

Local-only. Each site trained GMIC on its own data, a baseline any feder-
ated method should beat.

FedAvg [13] averages the client weights (dataset-size-weighted) each round
into a single shared global model.

FedProx (14| adds a proximal term £|lwy — w'[|* to each local objective,
penalizing divergence from the current global w'; we fixed u = 0.1, treating
the proximal strength as a prespecified algorithm parameter rather than an
independently optimized hyperparameter.

FedBN [15] is FedAvg with batch-normalization parameters kept local.

Ditto [16] jointly maintains a global model w*, trained by FedAvg, and a per-
sonalized model vy, for each client: min,,, Fx(vy)+%||vi—w*||?. The regularization
parameter A controls personalization: larger values constrain the personalized
model more strongly toward the global model, whereas smaller values permit
greater local adaptation. Each site ultimately deploys its own v;. We selected
A from {0.01,0.05,0.1,0.5, 1,2} based on 12-round validation runs, choosing the
value that maximized the worst-site validation AUC.

t||2

Module-wise Ditto. We extended Ditto by assigning a separate regularization
strength to each major GMIC module, Fj,(vg) + Y, 22 |Jof* — w*™||2, where m
denotes the whole-image global branch, high-resolution local backbone, or fu-
sion/decision head. Based on the architecture, we defined an initial hypothesis-
driven configuration of Agiohal = 0.01, Ajgcal = 0.5, and Apusion = 0, reflecting the
expectation that the fusion head would benefit from the greatest site-specific
adaptation, whereas the feature-extraction branches would remain more closely
coupled to the shared model. We then evaluated this hypothesis using planned
one-factor-at-a-time validation sweeps in which the regularization strength of
each module was varied while the others were held fixed (Supplementary Ta-
ble S1b). Because none of the alternative settings produced a meaningful im-
provement in worst-site validation AUC, with all observed differences falling
within the validation confidence interval, we retained the original architecture-
motivated configuration.

3.4 Training Protocol

We fine-tuned GMIC from the released sample_model_5 weights with a deep-
supervision objective (binary cross-entropy on the global, local, and fusion out-
puts plus a S-weighted L, saliency penalty), a class-balanced sampler for class
imbalance, and Adam with differential learning rates for the heads and backbone.
The centralized and local-only models trained up to 40 epochs with batch size
32 and early stopping on breast-level validation AUC; the federated strategies
instead ran 60 rounds of one local epoch per client, all from the same pretrained
initialization. The training configuration was established through a hand-tuned,
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Table 1: Per-site composition, acquisition, and local training hardware. Site A
is the registry-linked Hawai’i cohort; Sites B and C are the US and Australian
clients of the RSNA dataset, trimmed to a 3:1 control-to-case ratio to match
Site A. TScanner manufacturer not reported for Site C.

Site A (HIPIMR) Site B (RSNA-US) Site C (RSNA-AU)

Exams (cancer) 2,188 (520) 996 (249) 936 (234)
Train/Val /Test 1,531/218,/439 697/101/198 655/94/187
Mean age (y) 61.2 58.9 60.1
Density (BI-RADS) available available n/a
Scanner(s) Hologic (~96%) 7 units (Hologic) 3 units’
Hardware V100 (DGX-1) GCP VM, T4 Winl0, RTX A4000

one-factor-at-a-time ablation on the pooled data; full hyperparameters and ab-
lation results are provided in the Supplementary Material.

3.5 Datasets and Federated Sites

We constructed a three-site federation: a demographically distinct Hawai’i cohort
(Site A) and two clinical sites containing subsets of the public RSNA Screening
Mammography dataset [24], maintained as separate clients (Sites B and C) to
capture realistic cross-site variation. Labels were breast-level per patient and
laterality, assigned by matching each cancer’s laterality to the imaged breast;
splits were patient-level (70% train/10% validation/20% test, stratified by label
and age) with no patient shared across partitions. Table 1 summarizes per-site
composition, acquisition, and training hardware.

Site A (HIPIMR). Site A was a registry-linked cohort: cancer cases were invasive
and in situ breast cancers from the Hawai’i Tumor Registry with a mammogram
within three months of diagnosis, matched 1:3 to controls on age, density, and
scanner, yielding 2,188 examinations (520 cancer) after image-quality review.
This cohort reflected Hawai’i’s diversity with no majority group: Native Hawaiian
and Pacific Islander women were 16.2% (vs. 0.8% at the RSNA US site) and
Asian women 58.0% (with Japanese, Filipino, Chinese, and Korean subgroups);
55.3% of graded breasts were dense (BI-RADS C/D). To match Site A’s class
balance, the RSNA sites were trimmed to a 3:1 control-to-case ratio.

Site B (RSNA-US). The US site (Emory Healthcare, Atlanta) contributed 996
examinations (249 cancer, 167 invasive); composition, acquisition, and training
hardware are summarized in Table 1.

Site C (RSNA-AU). The Australian site contributed 936 examinations (234
cancer, 174 invasive) under a population screening program (minimum age 40);
details are in Table 1. The RSNA challenge reported lower algorithm sensitivity
at the US site than here (52.0% vs. 68.1%) [25], and the US site (Site B) was
likewise our lowest-performing.
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Label heterogeneity. Site A labels were registry-confirmed invasive and in situ
cancers from screening and diagnostic exams; RSNA labels were screen-detected,
biopsy-confirmed cancers (including in situ disease). Both targeted image-visible
malignancy but differed in label provenance and acquisition context, motivating
personalized FL.

3.6 Evaluation

We reported breast-level AUC following the original GMIC protocol [3], aver-
aging craniocaudal (CC) and mediolateral-oblique (MLO) view predictions per
breast, with DeLong 95% confidence intervals [26]. The deployed round was
selected by validation AUC (pooled for shared-global models, site-specific for
personalized). Following Ditto [16], we measured equity as the sample standard
deviation of per-site AUC across clients (the Spread column of Table 2); lower
is more uniform. For the Site A subgroup analysis we report, at fixed clinical
operating points, sensitivity at 90% specificity and specificity at 90% sensitivity.

4 Results

4.1 Detection Performance

Table 2 reports per-site and pooled AUC at one pooled-validation round; per-site
best-validation rounds are in Supplementary Table S2.

A shared global model did not ensure equity. The centralized model
set the benchmark at pooled test AUC 0.887 (95% CI 0.860-0.915), versus 0.857
pretrained (& 0.03 from fine-tuning). FedAvg, FedProx, and Fed BN all achieved
similar pooled AUCs of 0.858-0.861, but left Site B at 0.829-0.833, at or below its
pretrained performance. For all three methods, Site B’s best round was round 0,
corresponding to the pretrained checkpoint. FedProx tracked FedAvg (pooled
0.858 vs. 0.861). FedBN was least equitable: best at Site A (0.893) but worst
among federated methods at Site C (0.822), with the largest spread (0.038).
Local-only matched the benchmark at Site A (0.900) but not Site B (0.843).

Ditto achieved the highest worst-site AUC. With its regularization
set to A = 0.05 (the worst site, always Site B, favored weak regularization
on validation and degraded as A\ grew), Ditto was the only federated strat-
egy that improved the straggler site, reaching a Site B AUC of 0.866 under
pooled-validation selection (the own-best-validation view per site is in Supple-
mentary Table S2). This exceeded local-only (0.843), centralized (0.845), and all
shared-global methods, while matching Sites A and C. Ditto also achieved the
second-lowest cross-site spread (0.019) and a pooled AUC of 0.889, matching the
centralized benchmark without sharing data. Module-wise Ditto’s per-module
regularization strengths were swept (Supplementary Table S1); at Agiobar = 0.01,
Aocal = 0.5, Afusion = 0 it performed similarly to scalar Ditto (spread 0.018).
Given the modest case counts (Site B test n = 396; DeLong CI ~ £0.07), the
advantage of the Ditto variants was directionally consistent rather than individ-
ually significant.
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Table 2: Per-site and pooled breast-level malignant AUC (95% DeLong CI) by
strategy. The Pooled column is the AUC over the combined three-site test set;
cross-site spread is the (sample, ddof = 1) standard deviation of the per-site
AUCs. Pretrained is the released GMIC weights with no fine-tuning (the com-
mon starting point for all methods); Centralized is a single pooled-data model
evaluated per origin site; Local-only is each site’s own model on its own test set
(no single pooled model, so its Pooled/Spread cells are n/a).

Site A Site B Site C Spread
Strategy (HIPIMR) (RSNA-US) (RSNA-AU) Pooled (SD)
Pretrained (no fine-tuning)  0.870 0.842 0.854 0.857 0.014
Centralized (pooled data) 0.896 0.845 0.905 0.887 0.032
Local-only (own site) 0.900 0.843 0.888 n/a n/a
FedAvg 0.887 0.829 0.842 0.861 0.030
FedProx 0.876 0.829 0.851 0.858 0.024
FedBN 0.893 0.833 0.822 0.859 0.038
Ditto 0.900 0.866 0.897 0.889 0.019
Module-wise Ditto 0.898 0.861 0.882 0.884 0.018

4.2 Subgroup Performance at Site A

Because Site A was the only cohort with per-examination race/ethnicity data,
we evaluated group-specific performance there for the deployed Ditto model and
pretrained baseline (Table 3). Under the pretrained model, NHPI women were
the worst-served group (AUC 0.839), below both the Asian and overall Site-A
performance. Personalization closed this gap: Ditto raised NHPI AUC to 0.898,
reaching parity with the Asian subgroup and the overall cohort. The improve-
ment is clearest at clinical operating points: at a fixed 90% specificity Ditto
lifted NHPI sensitivity from 0.60 to 0.80, and at a fixed 90% sensitivity it dou-
bled NHPT specificity from 0.39 to 0.79, the largest operating-point gain of any
group. The equity benefit is therefore not merely a cross-site average but a gain
for the underrepresented group itself. On Site A, every federated strategy im-
proved NHPI performance over the pretrained baseline and reached comparable
subgroup AUCs (Supplementary Table S3). These estimates rest on modest case
counts (NHPT 20 positive breasts), so we report them as exploratory; because
race is coded granularly for registry cancer cases but coarsely for matched con-
trols, we pool Asian ethnicities and omit groups with too few positives.

5 Discussion and Conclusion

Personalized federated learning recovered the worst-performing site and closed
the performance gap for the underrepresented subgroup, without sharing pa-
tient data. Ditto was the only strategy to improve worst-site performance while
reducing cross-site disparity, reaching a pooled AUC comparable to centralized
training, whereas shared-model approaches favored the larger site and left the
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Table 3: Site A (HIPIMR) per-group performance at fixed clinical operating
points: pretrained baseline vs. Ditto (A = 0.05). Sn@Spygq is sensitivity at 90%
specificity and Sp@Sng is specificity at 90% sensitivity. n (positive breasts)
in parentheses; small-n groups (¥) are exploratory. PPV and false-positive rate
are omitted because the case-enriched cohort (= 12% malignant vs. screening
~ 0.5%) would not yield clinically representative values.

Pretrained Ditto
Group AUC Sn@Spgo Sp@Sngg AUC Sn@Spgo Sp@Sngg
Overall (878, 104) 0.870 0.683 0.532 0.899 0.760 0.672
NHPI (142, 20)° 0.839 0.600 0.393 0.898 0.800 0.787
Asian (496, 66) 0.882 0.667 0.605 0.900 0.758 0.593
White (198, 11)1L 0.825 0.727 0.492 0.870 0.818 0.690

smaller sites at or below their pretrained performance. Because module-wise
Ditto performed similarly to scalar Ditto, we retained the simpler scalar variant.

Limitations. Each method was trained once, so we did not quantify op-
timization variance. Using one local epoch per round limited client drift and
may have reduced differences among the regularization-based methods; these
differences could grow with additional local epochs. All models were initialized
from the same pretrained GMIC checkpoint because our data volume precluded
training from random initialization; repeating each method across the five re-
leased GMIC ensemble members would provide distinct initializations for as-
sessing variance and statistical significance. Per-site counts are modest (Site B
test n = 396, DeLong CI ~ +0.07), so Ditto’s advantage is directionally con-
sistent but not statistically significant. Detailed per-examination race/ethnicity
data were available only for Site A (RSNA provides site-level summaries only),
which is also the best-served site. The equity question we most want to answer
is per-group performance at the smaller, data-limited sites, where personaliza-
tion has its largest effect; those sites lack the required demographic labels, so we
leave this to future work. Matching the RSNA sites to Site A’s 3:1 class balance
also narrows one axis of real-world cross-site heterogeneity. Finally, we evaluated
a single architecture, so the relative performance of the methods and the null
result for module-wise personalization may not generalize to other models.

To our knowledge, this is the first application of personalized FL to mam-
mographic cancer detection with an explicit health-equity framing for Native
Hawaiian and Pacific Islander populations. Larger cohorts with harmonized de-
mographic annotation are needed to establish statistical significance and to test
personalization across more architectures and clinical applications.
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