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Abstract. This work is about Semi-Supervised Rotation Forest (SS-
RotF), a semi-supervised extension of Rotation Forest for classification
with scarce labeled data (presented in [1]). By incorporating unlabeled
instances into both the rotation and training stages, SSRotF achieves
strong performance on 54 UCI datasets, outperforming basic wrapper-
based SSL methods. A complementary meta-learning analysis also helps
identify when SSL is most beneficial.
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1 Introduction

Machine learning is traditionally divided into two main branches: supervised
learning (SL), which relies entirely on labeled data, and unsupervised learning,
which finds patterns without predefined labels. Semi-supervised learning (SSL)
places between them, aiming to improve predictive performance by combining a
small amount of labeled data (L) with a large pool of unlabeled data (U) [4].

Ensemble methods, such as Random Forest (RF) and Rotation Forest (RotF),
are highly popular in SL due to their ability to combine multiple weak learners
into a robust model. RotF achieves excellent generalization by applying Princi-
pal Component Analysis (PCA) to subsets of features to rotate the original data,
introducing high diversity among the base decision trees [2]. Nonetheless, tra-
ditional RotF cannot exploit unlabeled data by design. This summary presents
Semi-Supervised Rotation Forest (SSRotF), an intrinsically semi-supervised adap-
tation of RotF that integrates unlabeled instances into both the data rotation
phase and the base learner training [4].

2 Semi-Supervised Rotation Forest

Adapting RotF for SSL requires modifying two core components of the origi-
nal algorithm to benefit from the underlying structure of unlabeled data. Al-
gorithm 1 details the training stage of the proposed method Semi-Supervised
Rotation Forest (SSRotF).



Algorithm 1 SSRotF: Training stage of Semi-Supervised Rotation Forest
Require: L (labeled), U (unlabeled), Y (labels), F (features), T (ensemble size), K (subsets), W

(target weight)
1: Calculate centroids for each class in Y from L
2: for i = 1 to T do
3: Split F into K disjoint subsets Fi,j

4: Pseudo-label U by closeness to the centroids
5: for j = 1 to K do
6: Let Li,j and Ui,j be the data subsets for features in Fi,j

7: Eliminate a random subset of classes
8: Sample 50% of remaining Li,j → L′

i,j

9: Sample 10% of remaining Ui,j → U ′
i,j

10: Apply PCA on L′
i,j ∪ U ′

i,j → coefficients matrix Ci,j

11: end for
12: Construct rotation matrix Ri from Ci,j

13: Rearrange columns of Ri to match F → Ra
i

14: Build semi-supervised tree Di(W ) using (LRa
i , URa

i , Y )
15: end for

2.1 PCA with Unlabeled Data and Semi-Supervised Trees

In SSRotF, we increase diversity by including unlabeled instances in the PCA
calculation. To prevent noise, a filtering step is applied: unlabeled instances
are pseudo-labeled using the closest class centroids. Only 10% of these filtered
instances are subsampled and combined with 50% of the labeled instances to
calculate the PCA coefficients.

The base learners are semi-supervised decision trees [3]. These trees evaluate
splits using a weighted combination of target space impurity (labeled data) and
descriptive space variability (all data):

Imp(X) =

Target space︷ ︸︸ ︷
W · ImpTarget(L, Y )+

1−W

n
·

n∑
i=1

ImpFeat(X, fi)︸ ︷︷ ︸
Descriptive space

(1)

In our experiments, a weight of W = 0.85 provided the optimal balance between
labeled and unlabeled data.

3 Experimental Setup and Results

The proposed SSRotF was evaluated using different supervised and semi-supervised
baselines in 54 popular UCI datasets and a 5×2 cross-validation procedure, sim-
ulating SSL environments with varying label proportions: from 5% (i.e., only the
5% of data labelled to 99% (i.e., almost SL scenario).

As shown by the Nemenyi post-hoc test in Figure 1, SSRotF consistently
ranks among the top-performing methods across evaluation metrics and labeling
proportions, outperforming simple wrapper approaches such as ST(RotF).
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Fig. 1: Results of the Nemenyi post-hoc test: F1 score on the left and MCC on
the right for 10% and 40% label proportions.

4 Predicting SSL Success via Meta-Learning

A well-known drawback is that SSL only succeeds when specific data assump-
tions (smoothness, low-density, manifold, and cluster) are met. Unfortunately,
to assess whether a dataset fulfills these assumptions is a non-trivial task. Using
the Problexity library, 22 meta-features were extracted from the 54 datasets.
A decision tree classifier revealed that just four characteristics are sufficient to
predict when SSL methods will outperform supervised ones: overlap of feature
values (f1), features’ synergy (f4), average number of PCA per point (t3), and
correlation to the target (c2).

Focusing on the 16 datasets identified as highly suitable for SSL, SSRotF ex-
tracts meaningful patterns from unlabeled data, achieving superior results com-
pared to both the purely supervised RotF and other SSL ensembles. Remarkably,
in these optimal scenarios, SSRotF trained with only 20%-30% of labeled data
achieves performance comparable to a traditional RotF trained with 99% of the
labels, as shown in Figure 2.

5 Conclusions

Semi-Supervised Rotation Forest successfully extends the powerful RotF algo-
rithm to deal with both labeled and unlabeled data. By incorporating unlabeled
instances into both, the PCA rotation space and the base decision trees, SSRotF
achieves robust performance even with scarce labeled data. Furthermore, the ac-
companying meta-learning analysis provides a data-driven method to identify
when the underlying assumptions of SSL are fulfilled.
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Fig. 2: Evolution of method metrics as label proportion increases for banana
(left) and mammographic (right) datasets.
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