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Gathering data examples for training a machine learning classifier in a realworld scenario is often simple. However, the process of assigning labels to the
examples can be costly in terms of money, time, or effort. In such scenarios, we
might obtain datasets with more unlabeled than labeled data. Semi-supervised
classification [4] techniques arise from the need to address this problem using
both labeled and unlabeled data for training a classifier. The aim is to increase
the classifier’s generalization ability compared to a supervised classifier that only
uses the available labeled data.
On the other hand, an increasing requirement observed in machine learning
is to obtain not only precise models but also interpretable ones. End users often
demand an insight into how an algorithm arrives at a particular outcome and
needs an explanation of the decisions. A certain degree of global interpretability
can be obtained using more transparent techniques as proxies for solving a task
[1]. We refer to intrinsically interpretable models (e.g., linear regression, decision
trees or decision lists) as white boxes, as opposed to the less interpretable blackbox ones. Grey-box models use white boxes as surrogates for distilling previously
trained black boxes. The grey boxes attempt to explain the domain by approximating the predictions produced by a black-box classifier, in an intrinsically
interpretable structure.
In this paper, we explore the performance of the self-labeling grey-box (SlGb)
[2]. In the SlGb, we use a black-box classifier to predict the decision class of
the unlabeled instances, while a surrogate white box is used to build an interpretable predictive model, based on the whole instance set. The aim is to
outperform the base white-box component using only the available labeled data,
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while maintaining a good balance between performance and interpretability. The
SlGb approach’s performance largely depends on the black-box classifier’s prediction capability when classifying unseen instances. In the context of self-labeling,
the classification mistakes can reinforce themselves if no amending procedure is
used during self-training. Therefore, we explore the effect of two amending procedures for assigning more importance to more reliable instances before training
the surrogate white box, avoiding the propagation of errors or inconsistent information. The first strategy is based on class membership probabilities provided
by the black box in the self-labeling. The second strategy aims to correct the
inconsistency in the labels in the enlarged dataset by computing the certainty
of the classification based on the Rough Set Theory (RST) [3] inclusion degree
measure.
The experiments show that the choice of a white box and amending is relevant
for the size of the structure. SlGb produces simpler models when using decision
lists instead of a C4.5 decision tree as surrogate white boxes, even when no
amending is performed. However, the amending procedures help further increase
the simplicity without affecting the prediction rates by giving more importance
to confident instances in the self-labeling. Especially RST based amending looks
more promising since it does not need the black-box base classifier to provide
calibrated probabilities. Furthermore, RST-based amending could be the right
choice for a given case study where the uncertainty coming from inconsistency
is high, even on the available labeled data. The study varying the number of
unlabeled instances and labeled instances together shows that even when the
number of labeled instances is not that scarce, the SlGb is able to leverage
unlabeled instances for increasing the performance. Another conclusion is that
adding unlabeled instances does not make the interpretability worse compared
to adding more labeled instances. This evidences that the RST-based amending
avoids that the SlGb generates more rules from inconsistent instances. Finally,
the experimental comparison shows that our SlGb method outperforms the stateof-the-art self-labeling approaches, yet being far more simple in structure than
these techniques.
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