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Algorithm 1 Learning a Logistic Regression Model with a
Partially Encrypted Dataset

Input dataset Dpgq,¢, €epoch E
Output weight W, bias B
: row_number N = length(Dpgy¢)
Initialize weight W, bias B
Wene>» Wpiain = DataSeparation(W)
Wene, B =TenSEAL Encryption(W,,,., B)
sigmoid(x) = 0.5+ 0.197 * x -0.0004 * x"3
whilee > E do
Initialize deltay,,,, deltaWplam, deltag
while row >= N do
Ytrue = Dpare[row, label]
0: Your = sigmoid((Dpqr¢[row, enc].dot(Weyc))
+(Dpartlrow, plain]. dot(Wpiain)) + B)
deltay,,. *= Dparelrow, enc] * Vour - Yerue)

e AR R AR A T S

—_
—

12: deltawplain += Dpgre[row, plain] * Vour - Yerue)
13: deltag += Your - Yerue

14: row ++

15: end while

16: Wene -= deltay,,, / N +0.05% W,

17: Wplain -= deltawplam / N +0.05%* Wplain

18: B -= deltag / N

19: e++

20: end while

21: Wenes, B =TenSEAL decryption(W,,., B)

22: W = concatenate(Wene, Wpiain)
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