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a b s t r a c t
When intelligent interfaces, such as intelligent desktop assistants, email classiﬁers, and
recommender systems, customize themselves to a particular end user, such customizations
can decrease productivity and increase frustration due to inaccurate predictions—especially
in early stages when training data is limited. The end user can improve the learning
algorithm by tediously labeling a substantial amount of additional training data, but this
takes time and is too ad hoc to target a particular area of inaccuracy. To solve this problem,
we propose new supervised and semi-supervised learning algorithms based on locallyweighted logistic regression for feature labeling by end users, enabling them to point out
which features are important for a class, rather than provide new training instances.
We ﬁrst evaluate our algorithms against other feature labeling algorithms under idealized
conditions using feature labels generated by an oracle. In addition, another of our
contributions is an evaluation of feature labeling algorithms under real-world conditions
using feature labels harvested from actual end users in our user study. Our user study is
the ﬁrst statistical user study for feature labeling involving a large number of end users
(43 participants), all of whom have no background in machine learning.
Our supervised and semi-supervised algorithms were among the best performers when
compared to other feature labeling algorithms in the idealized setting and they are also
robust to poor quality feature labels provided by ordinary end users in our study. We also
perform an analysis to investigate the relative gains of incorporating the different sources
of knowledge available in the labeled training set, the feature labels and the unlabeled data.
Together, our results strongly suggest that feature labeling by end users is both viable and
effective for allowing end users to improve the learning algorithm behind their customized
applications.
© 2013 Elsevier B.V. All rights reserved.

1. Introduction
Many applications, powered by machine learning, customize themselves to a particular end user’s preferences. Such applications include email classiﬁers, recommender systems, intelligent desktop assistants, and other intelligent user interfaces.
To accomplish this customization, the application must learn from the particular end user—which obviously cannot happen
until after the system is deployed and training data from that speciﬁc end user is obtained.
Customizing to the end user’s preferences is challenging, especially when there is limited training data, such as when the
application is ﬁrst deployed. The end user could select additional training instances to label, or the learning algorithm could
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Fig. 1. The user is pointing out that the feature “let me look” is highly indicative of the class “Seeking Info”. (This UI inspired the development of the
algorithms we present in this paper.)

ask the user to provide class labels for strategically chosen instances that would most inform the learning algorithm, as is
done in traditional active-learning [7,31]. Labeling instances, however, has its drawbacks. First, labeling data instances is a
tedious process and a substantial number of instances must often be labeled before a change to the learning algorithm is
noticeable to an end user. Second, in a streaming data setting, such as news ﬁltering or email classiﬁcation, active-learning
is not applicable as the system has no control over which data instance arrives next. Finally, if a rare group of instances is
incorrectly classiﬁed, the learning algorithm cannot be “corrected” until the user labels instances with this rare combination
of attributes. Since this group is rare, the cost, in terms of time or effort, to acquire such data instances could be very
expensive [1].
To overcome these problems, in this paper1 we investigate the possibility of end-user feature labeling [29,10,33,1], namely
allowing end users to label features instead of instances. Here, the term feature refers to an attribute of a data instance that
is useful for predicting the class label; for example, rather than labeling entire documents, an end user could point out
which words (features) in the document are most indicative of certain class labels. Fig. 1 shows this approach in our
formative research’s user interface [15], which allowed HCI researchers to point out words that were predictive of that
transcript segment’s label. Raghavan et al. [28,29] found that labeling a feature took humans roughly a ﬁfth of the time as
a document and the beneﬁts of feature labeling were greatest when the training set sizes were small. However, their work
did not evaluate feature labeling in a statistical user study involving a large number of actual end users.
Allowing end users, who are not likely to be educated in machine learning, to use feature labeling introduces new
challenges to learning algorithms. End users’ choices of features may be noisy, inconsistent, and might vary greatly in ability
to improve the predictive power of the machine learning algorithm. This paper therefore investigates algorithms able to
stand up to these challenges.
Our research contributions are as follows. First, we present a new supervised learning algorithm for taking end-user feature labels into account, based on Locally-Weighted Logistic Regression. In order to evaluate our feature labeling algorithm,
we perform an empirical comparison on multiple data sets under ideal conditions, using feature labels obtained from an
oracle, and under real-world conditions for one particular dataset, using feature labels harvested from actual end users.
For the latter study, we present a user study in which ordinary end users, unfamiliar with machine learning, chose the
feature labels themselves—with no restrictions as to what they could select as features. Our algorithm was among the best
performing feature labeling algorithms in the idealized setting and it was also robust to poor quality feature labels provided
by ordinary end users in our study.
Next, we present a semi-supervised version of our feature labeling algorithm which assumes that an unlabeled set of
instances is present during training. The semi-supervised setting for feature labeling incorporates knowledge from three
sources: a small labeled training set, the feature labels provided by the end user and information from the implicit structure of the unlabeled data. We evaluate our semi-supervised algorithm using both oracle feature labels and end-user feature
labels from the user study mentioned above. Our feature labeling algorithm is one of the best performing algorithms with
oracle feature labels and the best performer with lower quality feature labels from end users. With our results, we can
compare the relative gains using the different sources of knowledge available in the training set, the feature labels, and
the unlabeled data. Our analysis shows that incorporating unlabeled data during learning sometimes produces worse performance than just using a purely supervised learning approach, both with and without feature labeling. However, adding
the information from feature labels consistently improves performance over not including this information, both in the
supervised and semi-supervised settings.
Together, our results strongly suggest that feature labeling by end users is both a viable and an effective solution for
allowing end users to improve the learning algorithm behind their customized user interface.
2. Related work
We divide the approaches for feature labeling into supervised and semi-supervised feature labeling algorithms. Supervised feature labeling algorithms require only a training set of labeled instances. On the other hand, semi-supervised feature
labeling requires both a labeled training set as well as a pool of unlabeled data, which is assumed to be relatively easy to
obtain.
Two of the SVM-based methods presented by Raghavan and Allen [29] involved supervised feature labeling. Their
Method 1 scaled features indicated as relevant by the user by a constant a and the rest of the features by a constant d
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