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Ventilator and Sedative Management in Networked ICUs Based on Federated Learning
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5 Department of Nursing, The First People’s Hospital of Hefei, Hefei 230061, China

6 Department of Pediatrics, The First People’s Hospital of Hefei, Hefei 230061, China

Abstract The proliferation of medical IoT devices and the abundance of medical data open up new possibilities for smart health-
care, Patients in the intensive care unit (ICU) rely on numerous medical IoT devices to continuously monitor and manage pa-
tients’ health status. Among the common therapeutic interventions in ICUs, invasive mechanical ventilation and sedation are
mostly administered to maintain patients’ respiratory function and enhance the care quality. While the existing therapeutic inter-
ventions rely heavily on physician judgment. This paper proposes a data-driven optimal policy learning framework named MFed
that allows distributed learning of optimal intervention policies on networked ICUs. A differentially private federated learning
method is constructed to overcome privacy limitations in medical data. MFed further ensures worst-case performance with distri-
butionally robust optimization and adaptively filters out noisy data. Extensive experiments on a real-world ICU dataset show that
the proposed method improves accuracy by 36. 75% compared to other state-of-the-art baselines.

Keywords Federated learning, Medical 10T, Distributionally robust optimization, Medical data noise, Medical data privacy
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Table 1  Accuracy comparison of MFed and other methods
AT 2 %)
Dataset Method \% S Ve.s
FQI 85.00 58.00 55.00
AVRIL 96. 38 96. 71 93.43
MIMIC-IIT Fed-NFQI 71.89 16. 89 14. 38
MFed w/0 DRO 96. 21 91.69 89.16
MFed 96. 76 94. 31 91.75
Fed-NFQI 74.72 31.55 29. 86
W MFed w/0 DRO 97.79 80. 26 79.36
MFed 97.70 80.98 79.87
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2 MFed A 77 32 14 W SJ0HJE 19 % He
Table 2 Comparison of MFed and other methods in rounds to target

accuracy

Rounds to target accuracy Improvement/ %

Fed-NFQI Can’t reach Not applicable
MFed w/0 DRO 47 0
MFed 34 27.66
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Table 3 Terminal accuracy of MFed and MFed w/o DRO at

different noise levels

AT 2 95)
Noise Level Method \% S Ve&.s
Symmetric MFed w/o DRO  96. 32 92.48 90.18
20% MFed 97.09 94,19 92,01
Symmetric MFed w/o DRO  90.75 85.53 83.3
10% MFed 96.47 93.05 90. 82
Symmetric MFed w/0o DRO 53.89 40. 05 36.68
50% MFed 84.41 70. 69 67.13
Asymmetric MFed w/o DRO  96.56 92.59 89.96
20% MFed 96. 83 94. 06 91. 83
Original MFed w/o DRO  96. 21 91.69 89.16
Data MFed 96. 76 94. 31 91.75
4.2.2 HIEXH A

N T 6 UE R I e 4 L A B SR A 20 A1 DL T AR 3R
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