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Happiness Prediction Approach via Adaptive Privacy Budget Allocation
LUO Yanjie' , LI Lin' , WU Xiaohua' and LIU Jia**

1 School of Computer Science and Artificial Intelligence, Wuhan University of Technology, Wuhan 430070, China
2 Wuhan Library of Chinese Academy of Science, Wuhan 430071, China

3 Hubei Key Laboratory of Big Data in Science and Technology . Wuhan 430071, China

’

Abstract Happiness prediction aims to forecast individuals’ life satisfaction and happiness indices by analyzing data. Online plat-
forms for happiness prediction possess a vast amount of data,which also carries the risk of privacy breaches. Existing differential
privacy machine learning methods overlook the privacy needs of different attributes. Moreover, privacy budget averaging approach
injects excessive noise into the model,leading to performance degradation. To address these issues,this paper proposes a method
called Adaptive Privacy Budget Allocation for Happiness Prediction( APBA-DP). Initially,attributes are graded based on users’
privacy preferences,and privacy budgets are allocated using information entropy. Subsequently, happiness prediction model estab-
lishes an attribute mapping layer to ensure personalised privacy protection. Experimental results on ESS and CGSS datasets show
that the accuracy of APBA-DP algorithm is improved by 2. 3% ~4. 4% compared with the traditional differential privacy algo-
rithms under certain privacy protection intensity. At the same time, the success rate of member inference attacks is reduced by
14.7% and 12.5% on average compared with the model without differential privacy protection.

Keywords Happiness prediction, Differential privacy,Privacy budget
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Table 3 Comparison of membership inference attack effectiveness(e=1)
%)
Fundation DP ESS CGSS
Model Method Acc F14 Attack-acc v Acc? F14 Attack-acc v
No-DpL10] 0. 639 0.625 0.661 0. 604 0. 482 0.614
MLP +DP-SGDLI7] 0.568 0. 544 0.568 0.517 0.435 0.518
-+ APBA-DP(ours) 0.581 0.565 0.570 0.531 0. 452 0.521
No-DpL12] 0. 655 0.651 0.689 0. 620 0.535 0. 624
CNN +DP-SGDL!7] 0.589 0.557 0.551 0. 540 0.471 0.537
-+ APBA-DP(ours) 0. 609 0.594 0.541 0.552 0. 485 0.532
No-DpL13] 0. 658 0.652 0.653 0.625 0.564 0.598
LSTM +DP-SGDL!7] 0.525 0.485 0.565 0.521 0.491 0.516
-+ APBA-DP(ours) 0.542 0.521 0.570 0.533 0.527 0.521
No-DpL16] 0. 656 0. 650 0.692 0.615 0.556 0.633
Transformer +DP-SGDL!7) 0.541 0.525 0. 620 0.539 0.516 0.591
-+ APBA-DP(ours) 0.565 0.552 0.615 0.544 0.526 0.587
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