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Abstract

To meet the standard of differential privacy, noise
is usually added into the original data, which
inevitably deteriorates the predicting performance
of subsequent learning algorithms. In this paper,
motivated by the success of improving predicting
performance by ensemble learning, we propose
to enhance privacy-preserving logistic regression
by stacking. We show that this can be done ei-
ther by sample-based or feature-based partitioning.
However, we prove that when privacy-budgets are
the same, feature-based partitioning requires fewer
samples than sample-based one, and thus likely
has better empirical performance. As transfer
learning is dif�cult to be integrated with a differ-
ential privacy guarantee, we further combine the
proposed method with hypothesis transfer learning
to address the problem of learning across different
organizations. Finally, we not only demonstrate
the effectiveness of our method on two benchmark
data sets, i.e., MNIST and NEWS20, but also apply
it into a real application of cross-organizational
diabetes prediction from RUIJIN data set, where
privacy is of a signi�cant concern.1

1 Introduction
In recent years, data privacy has become a serious con-
cern in both academia and industry[Dwork et al., 2006;
Chaudhuriet al., 2011; Dwork and Roth, 2014; Abadiet
al., 2016]. There are now privacy laws, such as Europe's
General Data Protection Regulation (GDPR), which regulates
the protection of private data and restricts data transmission
between organizations. These raise challenges for cross-
organizational machine learning[Pathaket al., 2010; Hamm
et al., 2016; Papernotet al., 2017; Xieet al., 2017], in which
data have to be distributed to different organizations, and the
learning model needs to make predictions in private.

A number of approaches have been proposed to ensure
privacy protection. In machine learning, differential privacy
[Dwork and Roth, 2014] is often used to allow data be
exchanged among organizations. To design a differentially
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private algorithm, carefully designed noise is usually added to
the original data to disambiguate the algorithms. Many stan-
dard learning algorithms have been extended for differential
privacy. These include logistic regression[Chaudhuriet al.,
2011], trees[Emekçiet al., 2007; Fong and Weber-Jahnke,
2012], and deep networks[Shokri and Shmatikov, 2015;
Abadi et al., 2016]. In particular, linear models are simple
and easy to understand, and their differentially private vari-
ants (such as privacy-preserving logistic regression (PLR))
[Chaudhuriet al., 2011]) have rigorous theoretical guarantees
[Chaudhuri et al., 2011; Bassilyet al., 2014; Hammet
al., 2016; Kasiviswanathan and Jin, 2016]. However, the
injection of noise often degrades prediction performance.

Ensemble learning can often sign�cantly improve the per-
formance of a single learning model[Zhou, 2012]. Pop-
ular examples include bagging[Breiman, 1996a], boosting
[Friedmanet al., 2000], and stacking[Wolpert, 1992]. These
motivate us to develop an ensemble-based method which can
bene�t from data protection, while enjoying good prediction
performance. Bagging and boosting are based on partitioning
of training samples, and use pre-de�ned rules (majority
or weighted voting) to combine predictions from models
trained on different partitions. Bagging improves learning
performance by reducing the variance. Boosting, on the other
hand, is useful in converting weak models to a strong one.
However, the logistic regression model, which is the focus in
this paper, often has good performance in many applications,
and is a relatively strong classi�er. Besides, it is a convex
model and relatively stable.

Thus, in this paper, we focus on stacking. While stack-
ing also partitions the training data, this can be based on
either samples[Breiman, 1996b; Smyth and Wolpert, 1999;
Ozay and Vural, 2012] or features[Boyd et al., 2011].
Multiple low-level models are then learned on the different
data partitions, and a high-level model (typically, a logistic
regression model) is used to combine their predictions. By
combining with PLR, we show how differential privacy can
be ensured in stacking. Besides, when the importance of
features is known a priori, they can be easily incorporated
in feature-based partitioning. We further analyze the learning
guarantee of sample-based and feature-based stacking, and
show theoretically that feature-based partitioning can have
lower sample complexity (than sample-based partitioning),
and thus better performance. By adapting the feature impor-
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