Designing a Federated Learning-Driven Collaborative Diagnostic System for
Metastatic Breast Cancer

Reducing Long Diagnosis Delays and Improving Patient Survival Outcomes in Developing Countries
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Figure 1. World map of breast cancer mortality rates (all Training & Model Bulding Testing privacy regulations. patient data 451,
ages), showing high mortality rates in Sub-Saharan Africa, Figure 2. (A) Design of the federated learning-driven
South Asia and South America [2] collaborative diagnostic system (B) Image processing and Figure 3. Comparison of the conventional and FL
training the DL model (Generated by William Gao). approach for model training (Generated by William Gao).
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EXPERIMENT 2: Federated Learning Adapts to Lower-Quality Images at Local Sites

Table 1. Diagnostic performance of local models and the federated model
(average ROC AUC * Standard Deviation), tested on respective image data at
individual sites (Generated by William Gao)
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quality test images at site C3 compared to the local models built at
C1, C2, and C3. FL models can improve local diagnosis on lower
quality images by leveraging data from other sites to adapt to

Figure 6. (A) Experiment design to evaluate the local diagnosis on lower-quality images. Clinical sites C1 and
C2 generated images of normal quality while C3 images were of lower quality. Site C3 images were
simulated by adjusting JPEG image quality to a random value between 6 and 9. (B) Original and Augmented

(lower quality) images used in the experiment. (Generated by William Gao) variations in local data.
Global Applications in Developing Regions _ REFERENCES
iy dp - L I
Sy - ‘% - Applications in High Mortality Risk and Resource- 1. Sung, H., Ferlay, J., Siegel R.L., et al., 2]921. (g;lobal cancer
& N . . . statistics 2020: GLOBOCAN estimates of incidence an
‘h"%’f“i %5‘ I |- Constrained Reg|0ns- mortality worldwide for 36 cancers in 185 countries.CA Cancer
. Case Death 1= . . e . J. Clin. 71: 209-249.
,/,/f’”' \ @ Conne.Ct all fuers of healthc.:.alte fa.CllltleS' 2. American Cancer Society. 2020. The Cancer Atlas.
gl 7sv  especially Tier 1 and 2 facilities in remote and 3. Jedy-Agba, E, McCormack, V, Adebamowo, C., et al. 2016.

3 _ ; : Stage at diagnosis of breast cancer in sub-Saharan Africa: a
resource-constrained areas, to build glObal systematic review and meta-analysis. Lancet Glob. Health
breast cancer diagnosis networks. 4(12): €923-935.

] 4. McMahan, H.B., Moore, E., Ramage, D, et al. (2017)
2= Develop more accurate and generalizable FL Communication-efficient learning of deep networks from
.20 Is that | f [ decentralized data. Proceedings of the 20th International
models that everage data resources from a Conference on Artificial Intelligence and Statistics (AISTATS)
roir it [ ] 0 o o0 [ 0 participating facilities, adapt to local 2017, Fort Lauderdale, Florida, USA. JMLR: W&CP volume 54.
T populations, and preserve patient priva cy 5. Sadilek, A, Liu, L., Nguyen, D., et al. (2021) Privacy-first health
. ) ) ) . ’ . research with federated learning. Digital Medicine. 4: 132.
Figure 7. Left: The FL-driven collaborative diagnostic system can be scaled . _ 6. Falchetta, G, Hammad, A.T, and Shayegh, . 2020. Planning
globally to connect healthcare institutions. Right: Application of the system  [BY Provide standardized and automated systems universal accessibility to public health care in sub-Saharan

can connect all tiers (Tier 1 - 4, large to small institutions) healthcare =" toreduce long diagnosis delays and improve Africa. PNAS. 117 (50): 31760 - 31769.
facilities (B)®l to reduce the diagnosis delays (A)E. survival outcomes.



	Untitled Section
	Slide 1


