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Abstract. In the conformal prediction literature, it appears axiomatic
that transductive conformal classifiers possess a higher predictive efficiency than inductive conformal classifiers, however, this depends on
whether or not the nonconformity function tends to overfit misclassified test examples. With the conformal prediction framework’s increasing
popularity, it thus becomes necessary to clarify the settings in which this
claim holds true. In this paper, the efficiency of transductive conformal
classifiers based on decision tree, random forest and support vector machine classification models is compared to the efficiency of corresponding
inductive conformal classifiers. The results show that the efficiency of
conformal classifiers based on standard decision trees or random forests
is substantially improved when used in the inductive mode, while conformal classifiers based on support vector machines are more efficient in
the transductive mode. In addition, an analysis is presented that discusses the effects of calibration set size on inductive conformal classifier
efficiency.
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Introduction

Conformal Prediction [1] is a machine learning framework for associating predictions for novel data with a measure of their confidence; whereas traditional
machine learning algorithms produce point predictions — a single label ŷ per test
example — conformal predictors produce prediction regions — prediction sets
Ŷ ⊆ Y that, in the long run, contain the true labels for the test set with some
predefined probability 1 − . Historically, such confidence predictions have relied
on the Bayesian learning and Probably Approximately Correct (PAC) learning
frameworks; however, the validity of Bayesian confidence predictions relies on an
assumption of the a priori distribution, while PAC learning confidence measures
apply to the entire model, and not the individual predictions [2]. In contrast,
conformal predictors are able to produce confidence measures tailored for each
separate prediction on novel data, and rely only on the assumption that the data
is exchangeable — that the ordering of data points does not affect their joint

