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Abstract Privacy-preserving decision tree learning protocol allow multiple parties with confi-
dential datasets to jointly perform entropy gain to choose the best classifier in privacy-preserving
way. The entropy function requires huge computational overhead to preform. Hence, in this
study, a new order-isomorphism function is defined using simple max and min that are less
intensive in computation. The evaluation with public datasets will be reported.
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Algorithm 1 Secure Scalar Product

Input: Alice has n-dimensional vector x = (z1,...

(y17 v )yn)

,Zp). Bob has n-dimensional vector y =

Output: Alice has s4 and Bob has sp such that s4 +sg =x - y.

1. Alice generates a homomorphic public-key pair and sends the public key to Bob.

2. Alice sends to Bob n ciphertexts E(z1),..., E(xy,).

3. Bob chooses sp at random, computes
c=E(x)¥--

and send ¢ to Alice.

4. Alice decrypts ¢ to get sy = D(c) = x1y1 + -

- E(xn)" [E(sB)

o+ TpYn — SB.
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