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Abstract: Feature set decomposition through cluster-based partitioning is the subject of this study. Approach
is applied for the detection of mild laryngeal disorder from acoustic parameters of human voice using random
forest (RF) as a base classifier. Observations of sustained phonation (audio recordings of vowel /a/) had clinical
diagnosis and severity level (from 0 to 3), but only healthy (severity 0) and mildly pathological (severity 1) cases
were used. Diverse feature set (made of 26 variously sized subsets) was extracted from the voice signal. Feature-
and decision-level fusions showed improvement over the best individual feature subset, but accuracy of fusion
strategies did not differ significantly. To boost accuracy of decision-level fusion, unsupervised decomposition for
ensemble design was proposed. Decomposition was obtained by feature-space re-partitioning through clustering.
Algorithms tested: a) basic k-Means; b) non-parametric MeanNN; c) adaptive affinity propagation. Clustering
by k-Means significantly outperformed feature- and decision-level fusions.

Keywords: random forest, ensemble of classifiers, feature-space decomposition, clustering, k-Means, MeanNN,
affinity propagation, pathological voice

1 Introduction

Diagnosing laryngeal pathology in clinical practice is an intricate procedure, involving evaluation of patient’s
complaints, case-record, answers to the questionnaire, data of instrumental (sequence of audio recordings and/or
images of larynx) and even histological examination. Non-invasive measurements, such as questionnaire or
voice recordings, has potential to facilitate an early detection of larynx-related disorders. Validity of acoustic
analysis rests on the complex relationship between physiological function of human larynx and the concomitant
properties of voice signal. Properties of pathological voice are generally induced by mass increase, a lack
of closure, or elasticity change of the vocal folds. This creates an unbalanced motion and also an incomplete
closure may occur in glottal cycles. Acoustic signal thus gets affected by physiological abnormalities (unbalanced
motion, incomplete closure) of vocal folds, and signal information may be used to measure the disturbance [4].
Detection of pathological larynx can be summarized in the following 2 steps: 1) extraction and pre-processing
of meaningful features from the signal; 2) using features to distinguish between healthy and pathological cases.
Various machine learning approaches proved to be useful for such task. Researchers apply either generative
methods, like Gaussian mixture model, hidden Markov model, linear and quadratic discriminant analysis, or
discriminative methods, like decision tree, k-nearest neighbors (k-NN), multi-layer perceptron, and support
vector machine (SVM). Ensemble methods, which combine separate classifiers into multiple classifier system,
are also sporadically used. Numerous features were researched to characterize voice signal.

Laryngeal pathologies are relatively common (affecting ∼5% of the population) and are found in varying
degrees of progression and severity. Mild form of pathology is hardest to distinguish, while the more severe cases
are easier to diagnose. Exclusively resorting to discrimination between healthy and mildly pathological voices
is interesting not only from the preventive care perspective, but also is more challenging in pattern recognition
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sense. Most scientific studies on voice pathology detection usually do not consider the level of severity. Fur-
thermore, even if subjects are split up according severity, this is performed no more than subjectively, usually
by some perceptual rating scale (VHI or GRBAS). According to [12], results of experiments on a mixed set
of normal and abnormal voice data, showed that it is indeed possible to discern which of the voices had been
previously diagnosed as presenting a mild – 1st stage – vocal fold pathology. However, success seems to be
dependent upon the choice of features, describing the voice.

2 Related work

While some studies on pathological voice investigate and compare variously derived features, others fuse diverse
features and apply feature selection. Evaluation [13] of the feature selection methods for SVM showed that
none of them improved SVM accuracy. Thus, the advantages of feature selection for classifiers with built-in
regularization may be doubtful. Today’s state-of-the-art machine learning algorithms, which have harnessed
the problem of over-fitting through powerful regularization techniques, can perform well without any feature
selection as a preprocessing step. These include regularized kernel methods (such as SVM, kernel ridge or
logistic regression, and Gaussian processes) and ensemble methods (such as RF, boosting and bagging) [7].
Moreover, in [19] it is proved that sparsity and algorithmic stability properties are fundamentally at odds with
each other, namely a sparse algorithm cannot be stable and vice versa. If an algorithm is stable, then there is
no hope that it could be made sparse since it cannot even identify redundant features.

The purported goal of feature selection is to provide a representative subset of features from which more
accurate classifier can be constructed. The disadvantage is that some features, that appear less important and
are thus discarded, may still contain some valuable information. On the other hand, feature set decomposition
approach splits the original set of features into several subsets, and builds a classifier for each subset. The
decisions of classifiers are combined to classify new instances. Hence, no information is discarded. There
exists scarcity of works that fit the feature set decomposition framework. However, in most of them, the
decomposition structure is obtained ad-hoc, using prior knowledge [17]. A general framework that searches
for decomposition structures was proposed by [16], where it was shown that it can increase the accuracy of
decision trees. We follow this direction by introducing a simple feature-oriented technique for ensemble design
and demonstrate that, using mutually exclusive cluster-based partitioning, detection accuracy indeed can be
boosted to significantly outperform feature-level and decision-level fusions.

3 Information fusion

Voice signal information is combined here through feature-level and decision-level fusions. Feature-level fusion is
achieved by simply pooling all subsets into a concatenated feature vector of high dimensionality. Different data
representations for decision-level fusion initially are generally induced from ad-hoc partitions of feature set. We
presume that such decomposition is suboptimal, in terms of ensemble diversity, and advocate a clustering-related
solution.

3.1 Decision-level fusion

Decision-level fusion, in general, corresponds to an ensemble of classifiers. Several classifiers are built inde-
pendently and outputs of these individual experts are combined in a meta-learner fashion. RF is used here
both as the base classifier and the meta-learner. This implies that decisions from RF classifiers are used as
meta-features for the ultimate RF classifier. Viewing feature-level fusion as a complex classification problem,
decision-level fusion becomes a way of splitting original problem into several sub-problems, each with a rela-
tively small dimensionality, and enabling inducer (RF, in our case) to solve a different task. Finally, solutions
are joined, in order to cope with the initial task. Concept of breaking down a complex problem or a system
into smaller parts is generally referred to as decomposition. The decomposition methodology, closely related to
ensemble methods, is an effective strategy for changing the representation of a classification problem aiming to
improve the predictive accuracy of regular methods [17]. Unfortunately, identification of the partitioned model
has largely remained an ad-hoc task.

In feature-oriented decomposition, the basic idea is to provide each classifier with a different view of the data
by selectively manipulating a set of input attributes. If resulting feature subsets are disjoint (disjointed decom-
position), this can also be viewed as a special, namely exhibiting mutually exclusive property, case of feature
subset-based ensembles. Most of the successful feature subset ensemble techniques use random assignment of
features to ensemble members [1]. Disjoint feature subsets, we began our experiments with, could be regarded
as a feature-oriented mutually exclusive ad-hoc decomposition, which was predefined manually, or, more specifi-
cally, emerged naturally. Such ad-hoc decomposition could be considered as suboptimal, nevertheless, searching

20th International Conference on Soft Computing MENDEL 2014, Brno, Czech Republic, June 25 - 27, 2014260



for the best decomposition might become time-consuming. In order to avoid prolonging data mining process,
the complexity of the decomposition strategy should be kept as small as possible [17].

3.2 Proposed cluster-based partitioning

Complete feature set is re-partitioned to provide classifiers with more refined subsets of features. By “refined”
we mean high similarity among features of the same cluster and low similarity among features of different
clusters. This is achieved through clustering, where the number of clusters k controls the size and diversity of
the prospective ensemble. Clustering is performed vertically, conversely to the traditional way, where clusters
of similar recordings (points/objects/items) would be obtained instead. Initial data matrix, where n rows
correspond to recordings and p columns to the features, is transposed to have features in rows and recordings
in columns. Then the resulting p × n data matrix (1024 × 625 in our case) is clustered and k < p partitions
retrieved. Therefore, Euclidean distance here measures not the distance between a pair of recordings, but the
distance between a pair of features.

Voice recordings Audio features RF

Inducers (base classifiers)

(after clustering)

RF

RF

RF

Combiner (meta-learner)

Final
prediction

Refined subsetsAd-hoc subsets Vertical clustering

Figure 1: Ensemble design by feature-oriented decomposition – cluster-based partitioning.

The decomposition structure is acquired automatically by an unsupervised clustering. Hence, our technique
should be attributed to self-decomposition, as opposed to ad-hoc decomposition. Unsupervised aspect implies
that class labels are not used in the decomposition stage. More specifically, neither dataset is split according
to them prior decomposition, nor labels are used to guide decomposition process, for example, by measuring
their correlation to the features (as in input decimation ensembles, described in [14]) or calculating mutual
information between the labels and features (as in decision-level fusion of [15]). Resulting partitions are non-
overlapping, so this is a decomposition exhibiting mutually exclusive property, or pure decomposition. Another
property, the exhaustiveness, indicating whether all elements are used in the decomposition, is also satisfied.
Exhaustive feature set decomposition corresponds to the situation in which each feature participates in at
least one subset. Meanwhile, in random feature subspace ensembles, where self-decomposition is fulfilled by
randomness, decomposition is not pure (some features may be selected twice or more often) and exhaustiveness
is not guaranteed (some features can remain ignored). Regarding constrains between the decomposer and the
inducer, our technique is “inducer-free” and neither dependent on a specific inducer, nor need one for execution.
Therefore, it can be used with any base classifier. Choice of the same inducer with a different setup, or even
different inducers, for individual partitions is readily available. Combiner usage is not restricted as well, and the
decomposition is “combiner-independent”, thus any combination method could be used. We chose RF, both as
a base classifier and a meta-learner, and illustrate the resulting scheme in Fig. 1.

Regarding the choice of clustering approach, we evaluated the following algorithms: 1) traditional k-Means;
2) non-parametric information theoretic clustering [5] using MeanNN differential entropy estimator; 3) adaptive
affinity propagation clustering [18] on similarity matrix of negative Euclidean distances.

3.3 Relation to other known approaches

The technique is most closely related to the unsupervised feature selection using feature similarity [11], where the
task of feature selection involved 2 steps: 1) partitioning the original feature set into a number of homogenous
subsets (clusters); 2) selecting a representative feature from each cluster of previous step. Partitioning of
the features there was based on the k-NN principle using feature similarity measure – maximal information
compression index. By noting a conceivable ensemble design analogy with the design of a single classifier
system, we consider our approach as a generalization of unsupervised feature selection in [11] to a multiple
classifier system, where, instead of a diverse collection of features, we seek to construct an ensemble of diverse
members. No feature is discarded and a whole cluster is provided to each base classifier. Also, instead of k-NN
with the specific similarity measure, we rely on established Euclidean distance-based clustering algorithms.
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Quite opposite approach to the feature set decomposition is termed as input feature grouping [10]. This
technique has 2 steps: 1) all input features are grouped, using a hierarchical clustering based on a pairwise
mutual information; 2) each member of the ensemble is provided with a representative feature from each
cluster. Hence, the resulting decomposition there should be viewed as “anti-clustering”, where features from
every cluster participate in influencing decision of a single classifier, quite similarly to the case of unsupervised
feature selection [11]. The essential difference in our proposal from techniques of [11, 10] is in the application
of the 2nd step. Providing each member of the ensemble with a subset of diverse features hardly can guarantee
an increased diversity of the resulting ensemble. Conversely, we try to increase ensemble diversity by providing
each base classifier with a pool of similar features.

4 Random forest and goodness of detection

Random forest (RF), introduced by [2], is a popular and efficient algorithm for classification, based on ensemble
methods. The core idea is to combine many (t in total) decision trees, built using different bootstrap samples
of the original data set, and a random subset of features (q features out of total p), to obtain an accurate
predictor, which is robust against over-fitting. Prediction error for the out-of-bag (OOB) sample (observations,
not used in the construction of a tree) can be used to evaluate the generalization performance of RF. Because
each subject in our data is represented by several recordings, we had to modify the sampling part of the original
RF algorithm (Matlab port obtained from [8]). Modification ensures that all observations of each subject are
included either in a bootstrap sample, or left aside as OOB sample. We empirically chose fixed number of trees
(t = 500) and used the recommended size of random feature subspace (q =

√
p).

Binary classification can be referred as detection. To evaluate it’s goodness, detector’s scores for validation
data need to be obtained first. Votes of RF are converted to a proper score vector by normalizing votes for a
specific class through division by the total number of: a) times the case was OOB (for internal validation), or
b) trees in the forest (for external validation). Using scores, instead of hard decisions, enables more accurate
evaluation of the detection performance. We compute the equal error rate (EER) using convex hull approxima-
tion of the BOSARIS toolkit [3]. Another, more sophisticated, criterion used is the cost of log-likelihood-ratio
(Cllr). Log-likelihood-ratio is the logarithm of the ratio between the likelihood that a target (pathological sub-
ject) produced the speech input, and the likelihood that a non-target (healthy subject) produced the input. In
information theory terms, Cllr measures information loss (the lower the better), which is caused by the channel,
in this case, the detector. More details on Cllr are in [3]. Accuracy measures were computed on a file basis
only. Performance on a frame or subject level was not considered. Hence, reported EER corresponds to the
percentage of mistakenly classified recordings.

5 Voice database and extracted feature set

Voice samples of vocalized vowel /a/ (as in “large”) were digitally recorded in a sound-proof booth through a
D60S Dynamic Vocal (AKG Acoustics) microphone (freq. range from 70 Hz to 20 kHz). Distance from the
mouth was ∼10 cm. Audio format is wav (mono-channel PCM, 16 bit samples at 44 kHz rate). Observations
from subjects of the normal voice group have severity level 0 and come from randomly selected healthy vol-
unteer individuals who had no complaints. No pathological alterations in the larynx were found during video
laryngostroboscopy. Abnormal vocal folds encompasses 2 kinds of lesions: 1) nodular (nodules, polyps, and
cysts), and 2) diffuse (papillomata, hyperplastic laryngitis with keratosis, and carcinoma). Initial diagnosis and
severity level (from 1 to 3) was based on visual appearance of larynx from video laryngostroboscopy and direct
microlaryngoscopy. Final diagnosis was confirmed by histological examination of laryngeal specimens taken
during endolaryngeal microsurgical intervention. From a mixed gender database of 828 subjects (139 normal,
689 pathological) all healthy (severity level 0) and mildly pathological (severity level 1) subjects were selected.
This resulted in a nearly balanced data set of 251 subjects (139 normal, 112 pathological). Distribution by
gender: normal (52 males, 87 females), pathological (14 males, 98 females). During preprocessing, silent parts,
especially at the beginning and the end of the recording, were eliminated. Each subject had 1–3 recordings of
various lengths (0.5–3 s) and an associated clinical decision (label).

The feature set (feature space) is the fixed set of predictor features. It can be viewed as containing disjoint
subsets of varying size, or composed of non-overlapping feature subspaces of various dimensionality. The total
size of the set here is 1024. Therefore, each audio recording is fully represented by a feature vector of 1024 ele-
ments. Ad-hoc decomposition of the set is predefined by 26 disjoint (unique in a purely numerical sense) subsets
(size in parenthesis) [M - mean, SD - standard deviation]: 1) perturbation, pitch, amplitude (24); 2) frequency
0–5 kHz (100); 3) Mel-frequency bands (35); 4) cepstrum (100); 5) Mel coeff. (35); 6) autocorrelation (80);
7) spectral HNR (11); 8) cepstral HNR (11); 9) LP coeff. (77); 10) LP DCT coeff. (77); 11) signal envelope
(128); 12) 18-MFCC [M, SD] (36); 13) 19-PLPCC [M, SD] (38); 14) amplitude distribution (17); 15) degree of

20th International Conference on Soft Computing MENDEL 2014, Brno, Czech Republic, June 25 - 27, 2014262



voicing (4); 16) LPC filter coeff. (51); 17) inverse LPC filtering (10); 18) periodic features (30); 19) pitch dis-
tribution (17); 20) residual of orig. signal [M] (23); 21) residual of orig. signal [SD] (23); 22) residual of inverse
LPC [M] (23); 23) residual of inverse LPC [SD] (23); 24) RR / harmonic model signature (4); 25) shimmer /
amplitude modulation (21); 26) glottal pulse shape (26). Technical details are provided in [6, 9].

6 Experiments

6.1 Experimental setup

External validation was done by stratified 10-fold cross-validation repeated 5 times (5 × 10-fold CV), which
results in 50 unique splits, kept constant for all researched models and through all experiments. Internal
validation is embedded in RF and corresponds to using scores of OOB data. After all folds were tested, the
average EER and average Cllr with their 95% confidence interval was calculated. Using Cllr of each model
on every fold, we perform a statistical hypothesis testing to verify that differences in means are statistically
significant (at 95% confidence level). For this we use the balanced 2-way repeated measures ANOVA. Multiple
comparison procedure was employed to account for the potential bias of multiple tests and Tukey’s honestly
significant difference criterion was used as correction. The best model is denoted by asterisk (*), similarly
performing models by cross (×) and the outperformed ones (with a significantly higher average Cllr, if compared
to the best model) are denoted by plus (+) sign. The intervals around the average Cllr are computed so that,
to a very close approximation, two estimates being compared are significantly different if their intervals are
separated, and are not significantly different if their intervals overlap.

6.2 Results of experiments

0.4 0.45 0.5 0.55 0.6 0.65

k=62

k=50

k=38

k=26

k=14

k=2

DLF

FLF

C
llr

 mean
0.4 0.45 0.5 0.55 0.6 0.65

k=62

k=50

k=38

k=26

k=14

k=2

DLF

FLF

C
llr

 mean
0.4 0.45 0.5 0.55 0.6 0.65

k=62

k=50

k=38

k=26

k=14

k=2

DLF

FLF

C
llr

 mean

Figure 2: Performance summary for cluster-based partitioning. Multiple comparison by 2-way ANOVA of
average Cllr in external validation (top). EER (bottom) in internal validation (upper blue band) and external
validation (lower green band). Clustering by: k-Means (left), MeanNN (middle), affinity propagation (right).

Baseline, – the best individual feature subset, – � 26 (glottal pulse shape) gave Cllr = 0.59 ± 0.04 and
EER = 17.48 ± 1.47% in external validation. From Fig. 2 we derive all the remaining insights. Feature-level
fusion (FLF) resulted in Cllr = 0.4995 and EER = 15.33 ± 1.72%. Decision-level fusion (DLF) resulted in Cllr

= 0.4953 and EER = 14.16 ± 1.64%. Proposed cluster-based partitioning improved over all above results and
provided the lowest EERs in external validation. Best results: k-Means reached Cllr = 0.4610 and EER = 13.14
± 1.80% at k = 50; MeanNN reached Cllr = 0.4679 and EER = 13.68 ± 1.64% at k = 50; affinity propagation
reached Cllr = 0.4752 and EER = 13.67 ± 1.53% at k = 38.

7 Conclusion

Abundance of features, extracted from the voice signal, can be successfully exploited by RF classifier, and
especially their ensembles, to develop an accurate detector of mild laryngeal disorder. Ensemble of RF classifiers,
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induced from a cluster-based partitioning of the feature set with k-Means, significantly outperformed decision-
and feature-level fusions and achieved EER as low as 13.14 ± 1.80%. This is a substantial result, noting that
detection of mild laryngeal disorder is a more challenging task than commonly explored discrimination between
healthy and a wide spectrum of pathological cases (including subjects with pronounced severity).
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