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Introduction and application of transfer learning in medical research

PAN Lu-lu, YU Yong-fu, QIN Guo—youA
(Department of Biostatistics, School of Public Health , Fudan University , Shanghai 200032, China)

[Abstract] This paper introduces a transfer learning approach based on regression models and
demonstrates its application in the medical field through an example. Using data from the 2013-2014 U.S.
National Health and Nutrition Examination Survey, the study investigates the association of sleep duration
with depression levels and depressive disorder. It employs demographic characteristics and lifestyle factors
as predictor variables to predict depression levels and depressive disorder across different racial groups.
Compared to models built solely on target racial groups, transfer learning enhances the accuracy of
estimating the effect of sleep duration in the target group and improves the prediction accuracy for

depression levels and depressive disorder. The results illustrate that transfer learning effectively integrates
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source data to significantly improve estimation and prediction capabilities of target models, especially in

situations with limited target data and heterogeneous data sources.

[Key words] transfer learning; estimation;

prediction
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Tab 1 Regression coefficients (standard errors) for the association between sleep and depression severity across
five races in NHANES

Mexican American 1.46 (0.39) 0.39 (0.42) 1.27 (0.30) 0.24 (0.21)
Other Hispanic 0.53 (0.68) -0.85 (0.70) 0.76 (0.46) -0.12 (0.35)
Non-Hispanic white 0.96 (0.20) 0.30 (0.21) 1.11 (0.19) 0.29 (0.11)
Non-Hispanic black 1.10 (0.34) —0.66 (0.36) 1.07 (0.30) -0.07 (0.17)
Other races 1.09 (0.35) 0.48 (0.36) 1.01 (0.34) 0.40 (0.20)

2 NHANES f1 54 i B AR 5 HP BB 4E 5C BX B [B1 U3 2R 30 (AR IR
Tab 2 Regression coefficients (standard errors) for the association between sleep and major depressive disorder

across five races in NHANES

Mexican American 0.95 (0.49) 0.86 (0.51) 0.55 (0.32) 0.27 (0.45)
Other Hispanic 0.47 (0.43) —0.71 (0.60) 0.66 (0.24) —0.12 (0.43)
Non-Hispanic white 0.44 (0.23) 0.17 (0.23) 0.50 (0.16) 0.03 (0.19)
Non-Hispanic black 0.53 (0.31) -0.22 (0.34) 0.54 (0.16) —0.08 (0.25)
Other races 0.83 (0.66) 0.82 (0.67) 0.57 (0.40) 0.12 (0.54)
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