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INTRODUCTION @ Dataset Composition Across Sites RESULTS

» Site A (HIPIMR): Controls matched 3:1 to registry-confirmed invasive + in- : : :
situ cancers on age, density, and scanner; Hawaii population ‘ Personalization Im PTOVES the Worst Site

@® Why Personalized Federated Learning?

= Sites B/C (public RSNA dataset [24]): screen-detected, biopsy-confirmed

Baseline / Local Federated
Deep |eal’ning Nnow matCheS rad|0|0g|5t'|eve| mammography performance [4], CanceI’S, tl’lmmed tO the same 31 ContrOI'tO'Case I’atIO, mainland US (S'te B) Pretrained @ Centralized B Local-only I FedAvg FedProx I FedBN I Ditto Module-wise Ditto
but is developed almost entirely on continental-US and European cohorts [5]. and Australian (site C) population
Native Hawaiian and Pacific Islander (NHPI) women face later-stage L00” .
diagnoses and poorer survival [7,8], shaped in part by cultural and structural ‘ Federated Setu P O o & N
. . . . . 2 T o®
barriers to care [6], yet remain absent from model training and validation. < 0.95- ‘ I N .
c o & o¥
- . . . . . c o* )
Hawai‘i has no racial majority, and differs from mainland cohorts in breast 2 - I oF
density and imaging-relevant population mix [9-11]. Our own study cohort FedAvg loop: local weights up. global w* down (every round) 3
reflects that diversity directly: L | ke
D 0.85-
Site A Site B Site C ;;3
White HIPIMR RSNA-US RSNA-AU
22.6% : : 0.80-
| Ditto loop: local data + w* train vk in place (site-only) |
| | |
[ VA (personalized) ] [ vB (personalized) ] [ vC (personalized) 075"
I Asian (56.5%) White (22.6%) l NHPI (16.2%) Other / not reported* (4.8%)
Fig. 2. Ditto's two training loops. Blue: the shared FedAvg loop through the server, each round. 0.70- Site A Site B Site C
Fig. 1. *Includes small-n groups pooled for privacy; Site A (HIPIMR) test-set composition by self- Orange: a loop that runs only at each site, fine-tuning a personalized v, toward w* on that site's (HIPIMR, Hawai‘i) (RSNA-US) (RSNA-AU)
reported race/ethnicity, n=878 breasts (this study). own data; vy Is never sent to the server. Fig. 4. Per-site breast-level AUC by strategy, with 95% Cls; Ditto and module-wise Ditto are the
_ o o _ _ _ only federated strategies that lift Site B, the straggler, above pretrained.
Federated learning (FL) enables multi-site training without sharing patient data, ‘ Traini ng Strateg ies Com pared | _ | _
sites that differ in population, case mix, and acquisition. Personalized FL Table 2. Training strategies evaluated, from the pretrained starting point to full personalization. lift Site B above the pretrained baseline, reduce cross-site spread, and match
instead lets each site keep a model adapted to its own distribution while still Training Strategy e e the centralized pooled ceiling’s AUC (0.889 Ditto vs. 0.887 centralized).
benefiting from shared learning. . . . . . . .
Centralized Benchmark  Single model on pooled data from all 3 sites ‘ Ditto A Selection (Va“dahon Sweep)
‘ How Ditto Personalizes Local-only Each site trains GMIC independently with just their local data Table 3. Ditto validation-AUC sweep across regularization strength A (12-round validation runs).
FedAvg [13] Dataset-size-weighted average creates shared global model All differences fall within the validation Cl (<0.007 AUC); A=0.05 (highlighted) maximizes worst-

Ditto [16] jointly trains a shared global model w* (via FedAvg [13]) and a site AUC and s deployed throughout.

_ _ FedProx [14] FedAvg + proximal penalty (u=0.1) limiting client drift

FedBN [15] FedAvg with batch normalization weights kept local per site
o 0.01 0.8556 0.8948
minimize over v . Fk(vg) + (N2) - ll vy = w*lI? Ditto [16] Global model + regularized per-site personalized model vy,
0.05 0.8562 0.8945
oy Module-wise Ditto Ditto with a separate A per GMIC module (global / local / fusion
Larger A pulls a site's model back toward the shared global model; smaller A g P (© ) 0.1 0.8560 0.8944
allows more local adaptation. A single A, swept over {0.01, 0.05, 0.1, 0.5, 1, 2} 05 0.8549 0.8923
on validation data and chosen to maximize worst-site AUC, is applied at every . GMIC Architecture & Traini ng
site; each site deploys its personalized vy, , not the global model. 1 0.8540 0.8909
inputimage X Global Module  saliency maps A 2 0.8521 0.8901
1x1
. \ h sigmoid
@ Related Work: The Gap s conv S .
e @ Site A Subgroup Performance
global network
Mammography FL has primarily targeted breast density classification [20], f, — d el Table 4. Site A (HIPIMR) per-group AUC and Sensitivity/Specificity at fixed operating points,
class |mba|ance’ and domain-harmonization preproceSS|ng [21’22]’ not cancer | pretrained vs. deployed Ditto (A=0.05); n = (group size, positive breasts). NHPI (highlighted) was

detection through an equity lens. Ditto [16], a personalized FL aggregation the worst-served group pretrained; Tsmall-n groups are exploratory.

reducing variance by ~10% on benchmark datasets, but has not been used in patch map Fusion Module

breast cancer screening or with a Pacific Islander population. This is the first Overall (878, 104) 0.870 0.683 0.532 0.899 0.760 0.672
T . : : : : pooling fc sigmoid loss

equity-motivated application of personalized FL to breast cancer detection. Cetrieve roi T 0T NHPI (142, 20)1 0.839 0.600 0.393 0.898 0.800 0.787

crop ’v‘ < N 5 B

. C
. . Ytusion E Asian (496, 66) 0.882 0.667 0.605 0.900 0.758 0.593

@ Study Objectives i ||

White (198, 11)t 0.825 0.727 0.492 0.870 0.818 0.690

1. Adapt GMIC [2,3], a high-resolution, multiple-instance learning (MIL)
mammography classifier, for federated fine-tuning with NVIDIA FLARE [17]. Y Local Module At fixed 90% specificity, Ditto raised NHPI sensitivity 0.60 to 0.80: at fixed 90%

ROI patches X
2. Evaluate shared-global (FedAvg [13], FedProx [14]) vs. personalized ' feature “EE“‘“"S attentiﬂn;v-fightezd sensitivity it raised NHPI specificity 0.39 to 0.79, the largest operating-point
k representation f i icl ; .
(FedBN [15], Ditto [16]) strategies across a heterogeneous 3-site federation. high capaiy - ose gain of any group. Every federated strategy raised NHPI performance by a
3. Test whether personalization recovers the performance of the worst site fi attention > » Y i0ca = c similar margin (Supp. Tgble S3), _SO this gain re_ﬂe(?ts flne.-tur.nng generally
and closes the gap for underrepresented subgroups. ay € [0, 1]—» E rather than an effect unique to Ditto's personalization; Ditto is shown because
/ - - It is the deployed model with the best overall site-and-subgroup equity.
4. Propose module-wise Ditto (shared backbone / private head) as an

architecture-motivated variant. _ _ _
Fig. 3. GMIC's three-module architecture at 2944x1920 resolution: a global module scans the

| . | . DISCUSSION & CONCLUSION
5. Ask when federation actually helps equity, versus when it can quietly whole image for saliency, a local module examines the K=6 highest-attention ROI patches at full

disadvantage smaller sites. capacity, and a fusion module combines both. Adapted from [2,3].

= Class imbalance (7.2:1 view-level pos:neg) handled via class-balanced ‘ Key Takeaways

METHODS sampler, positive-class weight 1.0. = A shared global model does not ensure equity: FedAvg, FedProx, and FedBN
- Adam: Ir 3x1075 (heads) / 3x10~7 (backbone), weight decay 1x10-¢, 2-epoch all left Site B at or below its pretrained performance.

_ _ initial backbone freeze. = Ditto was the only strategy to simultaneously improve the worst site, reduce
@® Three-Site Federation | | o cross-site spread, and match centralized pooled performance, all without
| - o N = Local models: up to 40 epochs, batch size 32, early stopping on validation sharing patient data.
Table 1. Per-site composition, acquisition, and local training hardware. AUC (patience 6).
Site A Site B Site C = Module-wise (per-module A), Ditto showed no advantage vs scalar Ditto.
HIPIMR RSNA-US RSNA-AU * Federated: 60 rounds x 1 local epoch/round from the same pretrained init; = Personalization improves equity and overall performance where standard
FedProx p=0.1. thods fail
Exams (cancer) 2,188 (520) 996 (249) 936 (234) Methods iail.
Train / Val / Test 1531/218/439  697/101/198 655/ 94 / 187 @ Evaluation & Equity Metric @ Limitations & Future Work
. - i i icti - = Single training run per method; per-site counts modest (Site B test n=396):
Mean age (y) 61.2 589 60.1 Breast-level AUC, averaging CC + MLO view predictions per breast, with | 9' 9 _p e P | | _(_ St )
DelLong 95% confidence intervals [26]. Ditto's advantage is directionally consistent but not individually significant.
NHPI representation 16.2% 0.8% n/a . Deployed round chosen by validation AUC: pooled for shared-global models » Detailed race/ethnicity data available only at Site A, the largest site.
Dense breasts (BI-RADS . site-specific for personalized ones. « All methods initialized from one pretrained checkpoint; single architecture
55.3% available n/a
C/D) _ _ _ evaluated.
= Equity = cross-site spread: sample SD of per-site AUC (lower = more
Scanner(s) Hologic (=96%) 7 units (Hologic) 3 units uniform). = Matching the RSNA sites to Site A's 3:1 class balance also narrows one axis
of real-world cross-site heterogeneity.
Local hardware V100 (DGX-1) GCP VM, T4 RTX A4000 = Site A subgroup analysis at fixed operating points: sensitivity at 90%

= Next: Federate with larger cancer centers, harmonized demographic labels
at all sites, multiple initializations, unique A per site, additional architectures,
larger datasets.

specificity, specificity at 90% sensitivity.

Site A: institutional registry (HIPIMR, University of Hawai‘i Cancer Center). Sites B/C: public RSNA
screening mammography dataset [24].
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