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Abstract: Significant computational research has been dedicated to automatic key and mode
detection in Western tonal music, particularly within the major and minor modes. However,
limited research has focused on identifying alternative diatonic modes in traditional and
folk music contexts. This paper addresses this gap by comparing the effectiveness of various
preprocessing techniques in unsupervised machine learning for diatonic mode detection.
Using a dataset of Irish folk music that incorporates diatonic modes such as Ionian, Dorian,
Mixolydian, and Aeolian, we assess how different preprocessing approaches influence
clustering accuracy and mode distinction. By examining multiple feature transformations
and reductions, this study highlights the impact of preprocessing choices on clustering
performance, aiming to optimize the unsupervised classification of diatonic modes in folk
music traditions.

Keywords: mode detection; unsupervised learning; preprocessing; folk music

1. Introduction
Traditional music is a pillar of cultural identity, reflecting the heritage and uniqueness

of every community. However, the preservation of this type of music faces significant
challenges due to its oral transmission tradition and the growing influence of commercial
music and mass media in contemporary society. The potential loss of traditional music
threatens the authenticity and cultural diversity of local communities. Digitalization is
crucial for its preservation and global dissemination, contributing to a greater appreciation
and understanding of musical traditions among international audiences.

One of the distinctive properties of traditional music is its mode, which has been
studied by musicologists without digital support to gain a deeper understanding of cultural
contexts [1–3]. However, when dealing with large datasets, this analysis requires the
assistance of computational tools. Specifically, the application of Artificial Intelligence (AI)
techniques to traditional music offers new opportunities to preserve and study its unique
characteristics, with mode standing out as a distinctive and essential feature of this musical
genre [4,5].

In music theory [2,3], a mode is a specific arrangement of whole and half steps within
an octave, forming the basis of a melody or harmonic structure, i.e., it is the scale on which
that melody is based. Modes are particularly relevant in folk music traditions, where
melodies often do not conform to the harmonic expectations of major or minor keys. In
Western folk music, modes such as Dorian, Mixolydian, and Aeolian are commonly used,
each carrying a distinct tonal color and emotional quality.

A very similar concept is the key of a musical piece. A key in tonal music is defined
by a tonic (central pitch) and a specific major or minor scale that establishes a hierarchical
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relationship between notes and chords. In a given key, harmonic progressions follow a
structured pattern, with certain chords (such as the dominant-to-tonic motion) reinforcing
a strong sense of resolution. The key determines how tension and release function in the
music, providing a framework for both melody and harmony.

While the concepts of mode and key share similarities (both describing pitch orga-
nization within a scale), they differ significantly in their musical functions and structural
implications. A mode does not necessarily imply tonal harmony or a functional chord
system. Instead, it primarily governs melodic characteristics, defining which notes are used
and how they interact, without requiring harmonic resolution.

This distinction is crucial in folk music, where modal melodies often lack strong
harmonic direction and may drift between tonal centers or avoid traditional cadences that
reinforce a key. As a result, standard key detection algorithms, which rely on harmonic
context and chord functions, may not be directly applicable to mode detection. Instead,
mode classification requires analysis of melodic features, scale-degree distributions, and
intervallic patterns rather than harmonic relationships.

In previous work, we developed a novel approach to mode detection that aims to
identify the mode of a symbolically encoded modal music piece within the Irish folk music
tradition [6]. This work demonstrates that detecting modes through machine learning
algorithms is possible but also highlights the lack of knowledge regarding how to improve
detection or determine the best approach. The field of AI algorithms, preprocessing tech-
niques, classifiers, and paradigms is vast, requiring more specific research. Building on
this foundation, the current paper presents a comparative study of various preprocessing
techniques for unsupervised classification and their influence on the resulting performance.
Specifically, we focus on three key aspects: exploring the impact of different feature rep-
resentations, evaluating the effectiveness of alternative representation of data paradigms,
and assessing the performance of a variety of unsupervised learning algorithms. For our
work, we focus on Irish folk music using The Session, a broad database with more than
20,000 tagged files.

The remainder of this paper is organized as follows. Section 2 reviews the related
work. Section 3 describes the dataset distribution and the algorithms applied to detect the
mode. Section 4 reports and discusses the results of our experiments. Section 5 concludes
the paper and suggests directions for future work.

2. Related Work
This section provides an overview of the key approaches employed in mode de-

tection, encompassing different datasets, preprocessing techniques, and supervised and
unsupervised learning paradigms for key detection.

2.1. Datasets and Encoding

To train the algorithms applied in this work, the data needed to be properly encoded
and tagged with the mode and key. We were focused on the use of digital scores; therefore,
the data needed to be encoded in MIDI, XML, MEI, or similar formats. It is important
to note that the modal structure of folk songs can sometimes be blurred due to notation
inconsistencies, which may affect their representation in digital datasets.

Different datasets have been used in the mentioned works. One of the most used is the
Million Song Dataset, which is composed of the features of more than one million songs [7].
However, this dataset does not include the folk music we are seeking, i.e., traditional music
that is separated by country of origin. The GTZAN dataset has been used in several works
for key detection [8,9]. This dataset is composed of more than a thousand audio songs
of different genres, such as rock, pop, jazz, and reggae. Although the dataset contains
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the extracted features of the songs [10], it does not include folk music specifically. Finally,
other datasets are composed of European folk music, including the Finnish Folk music
archive [11] and The Session dataset, of which the latter is composed of Irish folk music [12].

In this work, we use The Session dataset because it contains the mode feature, whereas
the Finnish folk music dataset would require a deeper musicological analysis before being
included in our study. The Session is an online community dedicated to folk music,
where members discuss relevant topics and share digitized scores encoded in ABC format,
which can also be synthesized in MIDI. Therefore, since these are digital scores rather
than recordings, they do not contain information about performers, interpretations, or
contextual details. The only available item of metadata is the identity of the person who
uploaded the scores. The dataset has been compiled by Irish folk music enthusiasts who are
part of this community. ABC notation is a text-based format for encoding musical notes and
structure and is simple to use for computational processing. Additionally, we have chosen
The Session dataset because this research is part of a European project called EA-Digifolk,
which focuses on the preservation of traditional music. In particular, one of the institutions
involved in the project is the Irish Traditional Music Archive (ITMA), which specializes in
Irish traditional music. The majority of the pieces that comprise The Session are dancing
pieces. In particular, the distribution of genres is as follows: reel (35.91%), jig (25.42%),
hornpipe (7.00%), strathspey (2.56%), polka (8.05%), barn dance (3.43%), slip jig (3.55%),
march (2.78%), waltz (7.28%), slide (2.14%), mazurka (1.10%), and three–two (0.79%). These
genres reflect the strong connection between Irish folk music and dance, as most traditional
Irish music is composed as dancing pieces. More details on the processing of the dataset,
including cleaning, preprocessing, and other relevant steps, are provided in Section 3.

2.2. Data Preprocessing

To obtain successful results, the data usually need to be preprocessed, extracting the
features that provide useful information about the mode and key detection. Most of the
previous works analyzed make use of Pitch Class Profile (PCP) extraction, based on the KK
profiles by Krumhansl and Kessler [13,14]. Other profiles have been researched, such as the
Temperley profiles [15] and the Zweiklang profiles [16]. Our work will use the KK profiles.
This selection is based on a comprehensive review of literature, revealing its prevalence in
various key detection papers [8,9,17,18].

In this technique, each mode can be represented by a pitch profile composed of the
number of occurrences of the 12 notes of the musical temperament. The study by Krumhansl
and Kessler was conducted for the Ionian and Aeolian modes. The main discovery in their
research was the observation that both modes exhibited analogous characteristics for dif-
ferent pitches, with a consistent shift of the necessary number of semitones—the smallest
interval in Western equal-temperament music—to align with the tonic center. This finding
implies a shared tonal essence between these modes, emphasizing the transpositional rela-
tionship and the perceptual stability of certain pitches across different keys. Consequently,
a representative histogram of a mode, composed of the frequency of each note, can be
extracted from a musical piece. From this pitch profile, mode detection can be applied.

However, in recent years, embedding techniques have become central to various
music information retrieval (MIR) tasks, including genre classification, mode detection,
and recommendation systems [19–23]. Embeddings map musical features into continuous
vector spaces, enabling more effective clustering and classification by capturing latent
structure and relationships between musical elements.

Unlike traditional handcrafted features—such as pitch histograms, n-grams, or key
profiles—embedding-based approaches leverage deep learning models (e.g., autoencoders,
transformer networks, or contrastive learning) to extract compact and expressive feature
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representations. These embeddings facilitate unsupervised and semi-supervised learning,
making them particularly useful for tasks such as mode detection, where labeled data may
be scarce.

Several embedding techniques have been explored in MIR [24–26], including
the following:

• Spectrogram-based embeddings, which learn representations from time–frequency
representations of audio signals;

• Symbolic music embeddings, which extract features from MIDI or ABC notation
sequences, capturing melodic and harmonic patterns;

• Graph-based embeddings, which model relationships between musical elements, such
as tonal connections or harmonic progressions.

In the context of mode detection, from our point of view, embedding approaches
may enhance clustering performance by providing better separation between modes in
high-dimensional spaces. However, one challenge is the interpretability of embeddings,
as they do not always align with traditional musical descriptors. Furthermore, the choice
of embedding model and training data can significantly impact performance, requiring
careful selection and tuning.

2.3. Machine Learning Techniques in Mode Detection

Within the domain of music computing, there has been little research on mode detec-
tion. Most existing approaches focus on identifying the major and minor modes, which
dominate Western classical and commercial music. In contrast, modes prevalent in modal
folk music traditions—such as the Dorian, Phrygian, Lydian, Mixolydian, and Locrian
modes—remain under-researched and need deeper investigation.

In contrast, key detection has been extensively studied in classical music. The concept
of key or tonality plays a crucial role in this genre, characterized by a tonic and a scale that,
together, create a framework of pitch relationships, both vertically and horizontally, within
a musical composition [27].

However, key detection holds less significance in folk music, as vocal melodies are
often transposed to accommodate a singer’s vocal range, and instrumental tunes are
frequently adjusted to suit the capabilities of specific instruments.

The following paragraphs will review existing literature on key detection, high-
lighting its relevance as a baseline for exploring mode detection in the analysis of folk
music traditions.

Computational efforts in automatic key detection have supported various content-
driven applications within musicology and music theory, notably facilitating large-scale
empirical analysis [28,29]. This computational approach has found applications in music
information retrieval tasks such as classification and retrieval [30–32], content analysis, and
psychology, where it contributes to hierarchical representations of musical pitch [13,14,33].
The pursuit of automatic key detection extends to symbolic music encodings (e.g., Mu-
sicXML and MIDI) and audio recordings (Please refer to Zhu et al. [34] for a comprehensive
review of audio key detection methods, which fall outside the scope of our work concerned
with symbolic music encodings).

Supervised machine learning algorithms have also been extensively investigated and
applied to key detection [17,18]. The utilization of labeled datasets and explicit guidance
during the training phase allowed us to obtain accurate predictions in various musical
contexts. Ref. [17] presents an approach using different supervised algorithms, such as
KNN, SVM, and CNN. Furthermore, Ref. [18] tries to detect major and minor modes using
an SVM algorithm. Finally, Ref. [9] tries to compare different Artificial Neural Networks
(ANNs) to detect the minor and major modes.
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However, the exploration of unsupervised learning approaches in key detection re-
mains relatively limited in comparison. We can mention [35], which proposes an unsuper-
vised approach to detect the major and minor modes based on Manhattan distance among
the features of the data. Unsupervised methods have the potential to unveil underlying
structures and relationships within musical data without explicit labeling, providing a more
autonomous and adaptable approach. The scarcity of research in this area underscores
the need for a more comprehensive exploration of unsupervised learning techniques in
key detection.

3. Methods
The proposed system for the unsupervised classification of musical modes is organized

as shown in Figure 1.
One of the goals of the present work is to check how the method of data preparation

can influence the performance of algorithms in the classification procedure. In relation to
these goals, an interesting comparison is to check how embedding approaches can capture
such a high-level feature as the mode of a song compared to a more manual approach based
on a selected feature that musicologists recommend: the pitch profiles.

Both paradigms belong to the preprocessing step. Therefore, there are two different
flows in this stage, which merge in the second step of classification, where different unsu-
pervised learning classifiers are applied to finally extract the classification results for both
sets of preprocessed data.

Figure 1. Proposed system workflow.

The workflow started from the initial dataset. This dataset consists of traditional
Irish music in ABC notation, a text-based format for encoding musical notes and structure.
These scores contain not only the digitalized notes but also metadata information about
genre, key and mode. In particular, we used the preprocessed and revised version provided
by Sturm et al. [36], which focuses primarily on monophonic songs and includes ABC
fields that capture musical surface details and formal annotations, including mode. The
authors reviewed the dataset fields twice to correct for any misclassified annotations.
Additionally, all pieces were transposed to the tonic C. In total, the dataset comprises
23,636 folk songs, distributed among modes as follows: Ionian (15,861, 67.1%), Dorian
(2971, 12.6%), Mixolydian (1620, 6.9%), and Aeolian (3184, 13.5%).

Once the dataset was prepared, the flow was divided. On the one hand, we extracted
the Pitch Class Profiles (PCPs) through the music pitches provided by the ABC scores.
PCPs represent the distribution of pitches across a 12-semitone octave. They are especially
suitable for capturing harmonic information and have been widely used in tasks requiring
mode or key identification [37]. We computed both the weighted and simple PCPs. In the
weighted PCP, the pitch counts are adjusted by their temporal prominence within each
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piece, whereas in the simple PCP, all pitches are treated equally regardless of duration or
placement in the tune.

The simple PCP is computed as follows:

Simple PCP histogram[c] =
N

∑
i=1

δ((pi mod 12) = c), c ∈ {0, 1, . . . , 11} (1)

where pi represents the MIDI pitch of the i-th note.
In the weighted PCP, durations (di) and beat strengths (bi) adjust the contribution of

each note:

Weighted PCP histogram[c] =
N

∑
i=1

di · bi · δ((pi mod 12) = c) (2)

where di assigns a value of 1 to quarter notes, 0.5 to eighth notes, and so on, while bi follows
a hierarchy where strong beats are weighted more heavily than weak beats.

In summary, we applied several preprocessing techniques to the PCPs to enhance
the representation and prepare the data for classification. These preprocessing techniques
included the following:

• Weighted and Simple PCPs. As mentioned, both weighted and unweighted (simple)
PCPs were computed, providing distinct representations of pitch prominence.

• Dimensionality Reduction. To reduce the complexity of PCP vectors, we applied
Uniform Manifold Approximation and Projection (UMAP) [38] and Locally Linear
Embedding (LLE) [39], two widely used nonlinear dimensionality reduction tech-
niques. Each method was applied to both simple and weighted PCPs to examine
their effects on classification accuracy and clustering performance. In particular, we
selected the umap-learn implementation for UMAP reduction [40] and scikit-learn for
LLE reduction [41].

• Binary PCPs. For further simplification, we generated binary PCPs from the simple
PCP representations. These binary PCP vectors consist of 12 elements, each assigned
a value of 1 if a pitch class appears in the piece or 0 if it does not. This binary
approach provides a highly simplified representation that may highlight certain modal
characteristics while ignoring specific pitch counts.

On the other hand, we obtained embeddings from a previous study on genre
classification [19], which extracted features directly from ABC notation. In this work,
each musical piece was converted into WAV audio format before applying different embed-
ding models. The models used were JukeMIR, Mule, and MERT [42–44], each providing
unique representations of audio.

• JukeMIR. This approach is currently one of the most prominent in the field, ini-
tially introduced as part of the Jukebox system, which generates music [43]. Jukebox
utilizes the latest advancements in Natural Language Processing (NLP) by transform-
ing raw audio signals into discrete sequences, which are then processed directly by
NLP models, specifically Transformers. This approach enables Jukebox to train a
Transformer-based autoregressive generative model using encoded audio data from
an extensive dataset of one million songs. This model has proven to be effective in mu-
sic generation. However, there is also another work, developed by Castellon et al. [45],
that demonstrates that meaningful representations can be extracted from Jukebox
by utilizing the activations of layer 36. This method generates a 4800-dimensional
embedding that effectively represents each song. This one is the implementation used
in this work to extract embeddings from the pieces.
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• Mule. McCallum [42] recently developed a model that features various types of
embeddings using both supervised and unsupervised approaches. In the supervised
learning setup, large sets of log-mel spectrograms are used, sourced from both music
and general audio domains. For unsupervised learning, SimCLR loss is applied to
the same datasets, resulting in a more compact embedding (1728 dimensions) that
requires fewer computational resources. In this work, we used the sxmp-mule Python
package (version 1.1.2), which implements this algorithm. The default configuration
was used.

• MERT. The MERT model [44] is designed to capture acoustic patterns inherent in musi-
cal audio signals. It employs a deep learning architecture with an initial unsupervised
pretraining phase to detect salient spectrogram patterns, followed by a supervised
fine-tuning phase. The model is given an unlabeled dataset, enabling it to align its
learned representations with specific musical attributes, such as instrument classifi-
cation. This convergence of unsupervised and supervised learning allows MERT to
map raw audio spectrograms to a high-dimensional latent space, where musical infor-
mation is compactly encoded. The network’s final layer produces an N-dimensional
vector representation that encapsulates the essence of the input audio, serving as
an embedding that reflects the original audio waveform.In this work, we used the
transformers Python package, particularly the m-a-p/MERT-v1-330M pretrained model
of the AutoModel class.

After this large preprocessing step, we obtained all the representations. In summary,
all of these combinations produced the following representations:

• Simple PCP, Weighted PCP, and Binary PCP, which have 12 dimensions;
• LLE reduction algorithm applied to Simple PCP, producing a 2-dimensional vector;
• LLE reduction algorithm applied to Weighted PCP, which produced a 2-dimensional vector;
• UMAP reduction algorithm applied to Simple PCP, which produced a 2-dimensional vector;
• UMAP reduction algorithm applied to Weighted PCP, which produced a 2-dimensional vector;
• The three embedding representations—JukeMIR, Mule and MERT—have 4800,

1728 and 1024 dimensions, respectively.

Then, we input the obtained representations into various classifiers for unsupervised
mode classification. The classifiers were evaluated for both the simple and weighted
PCP representations and the embeddings. Based on clustering metrics, we evaluated the
effectiveness of each combination of preprocessing and classification to determine the
optimal pipeline for unsupervised mode identification in traditional Irish music.

3.1. Unsupervised Learning Algorithms

This study employed five unsupervised learning algorithms to classify musical modes:
Agglomerative Clustering, K-Means, DBSCAN, Mean Shift, and Self-Organizing Maps
(SOM). These algorithms represent a range of classical clustering techniques [46–48]. Each
algorithm was configured with specific parameters to improve its performance and adapt
in to the characteristics of the data set.

• K-Means [49]. For K-Means, it is necessary to specify the number of clusters to be
identified. This value was set to 4, corresponding to the four diatonic modes in the
dataset: Ionian, Aeolian, Mixolydian, and Dorian. The scikit-learn implementation of
this algorithm was used in this study [41].

• Agglomerative Clustering [50]. Agglomerative Clustering also requires the user to
specify the number of clusters to be identified. As with the K-Means algorithm, the
number of clusters was set to 4. The scikit-learn implementation of this algorithm was
used [41].
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• DBSCAN (Density-Based Spatial Clustering of Applications with Noise) [51]. DB-
SCAN relies on two key parameters: the minimum number of samples required to
form a cluster (min_samples) and the maximum distance between points within a
cluster (eps). In this study, min_samples was fixed at 5, the default value, as it of-
fers a balance between identifying meaningful clusters and mitigating noise. The
eps parameter was determined dynamically based on the characteristics of the input
data. Specifically, a function was used to estimate the optimal eps by identifying
the point at which the data distribution shifted significantly, ensuring well-separated
clusters while minimizing noise. For instance, eps was set to 0.3 for PCP representa-
tions reduced with UMAP and 1.0 for Binary PCP representations. The scikit-learn
implementation of this algorithm was used in this study [41].

• Mean Shift [52]. Mean Shift clustering requires the bandwidth parameter, which
controls the search space size to identify clusters. In this study, the algorithm im-
plementation automatically determined the optimal bandwidth based on the data
distribution, eliminating the need for manual tuning. The scikit-learn implementation
of this algorithm was used in this work [41].

• Self-Organizing Maps (SOM) [53]. The key parameter in SOM is the number of cen-
troids, which defines the number of clusters to be identified. As with Agglomerative
Clustering and K-Means, the number of centroids was set to 4, reflecting the four
modes in the dataset. The MiniSom implementation of this algorithm was used [54].

These algorithms were chosen to explore a diverse range of clustering strategies, from
centroid-based methods like K-Means to density-based techniques such as DBSCAN and
Mean Shift, as well as hierarchical (Agglomerative Clustering) and neural network-based
approaches (SOM).

3.2. Evaluation Metrics

In this work, we have computed several metrics to evaluate the quality of the clustering
outcomes. These metrics provide insights into how well the clustering algorithms assign
data points to their respective modes. Specifically, we calculated purity, which measures
the alignment of clusters with the ground truth labels, as well as Normalized Mutual
Information (NMI) and the Adjusted Rand Index (ARI), which assess the coherence and
separation of the clusters in relation to the true labels.

• Purity measures how well each cluster is dominated by a single musical mode. A
higher purity score indicates that most samples within a cluster belong to the same
mode. We report the highest purity score for each mode.

• Normalized Mutual Information (NMI) [55] evaluates the agreement between the
clustering results and the ground truth labels, accounting for the entropy of both.
Unlike purity, NMI balances cluster homogeneity and completeness, making it robust
to variations in cluster size. A higher NMI score indicates a better alignment between
the clustering structure and the true mode labels.

• The Adjusted Rand Index (ARI) [56] assesses clustering quality by comparing the
similarity between predicted and true labels, adjusting for random chance. The ARI
rewards both correct cluster assignments and correct separations while penalizing
incorrect merges or splits. Higher ARI values suggest better clustering performance.

4. Results and Discussion
This section presents the results and discussion of our classification problem. The

goals of the experiments were threefold. Firstly, we aimed to demonstrate which PCP-
based or embedding-based approach performs best according to our classification problem.
Secondly, we aimed to check whether a featured-based approach yields better classification
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results than a more automatic approach, such as the embedding approach. Finally, we exam-
ined how the unsupervised learning approach behaved with musical data when classifying
mode, paying attention to the variety of algorithms that can be used in this paradigm.

MinMax normalization was applied to all PCP-based features to standardize the data
and enhance the robustness of the classification process against variations in feature ranges
(except PCP Binary because the feature consists of vectors whose elements are one or
zero). Additionally, SMOTE (the Synthetic Minority Over-sampling Technique) was used
to balance the class distribution, particularly for modes with fewer instances, such as
Mixolydian and Dorian. Some internal experiments were carried out without using this
technique to decide whether to apply it. The results showed a considerable improvement
of the results when using SMOTE. In particular, we used the implementation from the
imbalanced-learn Python package [57].

4.1. PCP Configuration Experiments

Tables 1 and 2 present the performance of the selected unsupervised algorithms on
various PCP representations. Each row corresponds to a specific musical mode (Dorian,
major, minor, or Mixolydian), while each column represents a different PCP configuration,
as detailed in Section 3. The values in the table indicate the evaluation metric of purity for
different classifiers. Furthermore, Tables 3 and 4 show the evaluation of Normalized Mutual
Information (NMI) and the Adjusted Rand Index (ARI). The best results are highlighted
in bold.

Table 1. Performance results of different classifiers using different types of PCP: Simple (Simple),
Weighted (Weight), and Binary (Binary). The number in parentheses indicates the dominant cluster
for each mode.

Simple PCP Weighted PCP Binary PCP

K-Means

Dor 0.8826 (C1) 0.7737 (C1) 0.7542 (C2)

Maj 0.9744 (C2) 0.7635 (C3) 0.9798 (C3)

Min 0.6633 (C1) 0.7758 (C1) 0.8066 (C4)

Mix 0.4600 (C1) 0.6678 (C1) 0.6600 (C1)

Agglom.

Dor 0.6329 (C2) 0.7062 (C4) 0.6919 (C1)

Maj 0.6246 (C3) 0.8241 (C3) 0.9152 (C3)

Min 0.7597 (C2) 0.6710 (C4) 0.7280 (C4)

Mix 0.5189 (C4) 0.4798 (C3) 0.9033 (C2)

DBSCAN

Dor 0.9999 (C1) 0.99 (C1) 1.0 (C1)

Maj 0.9992 (C1) 0.99 (C1) 0.9997 (C1)

Min 0.9997 (C1) 0.99 (C1) 1.0 (C)1

Mix 1.0 (C1) 0.99 (C1) 0.9956 (C1)

Mean Shift

Dor 0.9258 (C1) 0.9136 (C1) 0.9948 (C1)

Maj 0.9244 (C1) 0.8813 (C1) 0.9992 (C1)

Min 0.8785 (C1) 0.9018 (C1) 0.9664 (C1)

Mix 0.9350 (C1) 0.9160 (C1) 0.9991 (C1)
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Table 1. Cont.

Simple PCP Weighted PCP Binary PCP

SOM

Dor 1.0 (C2) 1.0 (C4) 0.9707 (C1)

Maj 1.0 (C2) 1.0 (C4) 0.9943 (C4)

Min 1.0 (C2) 1.0 (C4) 0.9983 (C1)

Mix 1.0 (C2) 1.0 (C4) 0.8259 (C4)

Table 2. Performance results of different classifiers using simple and weighted PCPs combined with
LLE and UMAP reduction algorithms. The number in parentheses indicates the dominant cluster for
each mode.

Simple+LLE Weighted+LLE Simple+UMAP Weighted+UMAP

K-Means

Dor 0.5634 (C2) 0.7437 (C1) 0.5820 (C2) 0.5201 (C1)

Maj 0.6610 (C3) 0.5366 (C3) 0.5520 (C1) 0.5031 (C2)

Min 0.6737 (C1) 0.7017 (C1) 0.9225 (C4) 0.7469 (C3)

Mix 0.7767 (C2) 0.7869 (C1) 0.8220 (C2) 0.6238 (C1)

Agglom.

Dor 0.5282 (C3) 0.7083 (C3) 0.7329 (C3) 0.5244 (C2)

Maj 0.7726 (C1) 0.6174 (C3) 0.5506 (C2) 0.6771 (C1)

Min 0.6668 (C3) 0.6701 (C3) 0.9717 (C3) 0.8077 (C2)

Mix 0.5847 (C4) 0.7800 (C3) 0.7178 (C1) 0.6240 (C4)

DBSCAN

Dor 1.0 (C1) 1.0 (C1) 0.9963 (C1) 1.0 (C1)

Maj 1.0 (C1) 1.0 (C1) 0.9908 (C2) 1.0 (C1)

Min 1.0 (C1) 1.0 (C1) 0.9989 (C1) 1.0 (C1)

Mix 1.0 (C1) 1.0 (C1) 0.8270 (C1) 1.0 (C1)

Mean Shift

Dor 0.9953 (C1) 0.9685 (C1) 0.9936 (C1) 0.9711 (C1)

Maj 0.9767 (C1) 0.9484 (C1) 0.9508 (C2) 0.9966 (C1)

Min 0.9460 (C1) 0.9617 (C1) 0.9989 (C1) 0.9784 (C1)

Mix 0.9937 (C1) 0.9764 (C1) 0.8270 (C1) 0.5347 (C1)

SOM

Dor 1.0 (C3) 1.0 (C2) 0.9766 (C2) 1.0 (C1)

Maj 1.0 (C3) 1.0 (C2) 0.4459 (C3) 1.0 (C1)

Min 1.0 (C3) 1.0 (C2) 0.6453 (C1) 0.9784 (C1)

Mix 1.0 (C3) 1.0 (C2) 0.7107 (C4) 0.5216 (C1)

In the tables of results, each cell reports the purity score along with the dominant
cluster number for each mode, providing insight into how well the algorithm distinguishes
between musical modes. Furthermore, NMI and ARI scores offer a broader evaluation of
clustering performance beyond purity alone. Although high purity indicates that individual
clusters are dominated by a single mode, NMI and ARI help to assess whether the modes
are meaningfully differentiated rather than arbitrarily grouped. Cases where multiple
modes are assigned to the same cluster despite high purity suggest that the algorithm has
failed to achieve proper separation. Thus, a comprehensive evaluation must consider all
three metrics to ensure that the four musical modes are not only internally consistent within
clusters but also well differentiated from each other.
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Table 3. NMI and ARI scores for different clustering methods across PCP representations.

Simple PCP Weighted PCP Binary PCP

K-Means
NMI 0.2535 0.2535 0.5807

ARI 0.65 0.1657 0.5626

Agglom.
NMI 0.2348 0.2348 0.5976

ARI 0.52 0.1909 0.5756

DBSCAN
NMI 0.0 0.0 0.0

ARI 0.98 0.0 0.0

Mean Shift
NMI 0.0 0.0 0.0

ARI 0.75 0.0 0.0

SOM
NMI 0.0 0.0 0.5105

ARI 1.00 0.0 0.4065

Table 4. NMI and ARI scores for different classifiers using simple and weighted PCPs combined with
LLE and UMAP reduction algorithms.

Simple+LLE Weighted+LLE Simple+UMAP Weighted+UMAP

K-Means
NMI 0.3333 0.1838 0.5322 0.3868

ARI 0.2442 0.0793 0.4339 0.2942

Agglom.
NMI 0.3453 0.1216 0.5081 0.4048

ARI 0.2752 0.0342 0.4110 0.3270

DBSCAN
NMI 0.0 0.0 0.4702 0.0

ARI 0.0 0.0 0.3085 0.0

Mean Shift
NMI 0.0 0.0 0.4625 0.0

ARI 0.0 0.0 0.2986 0.0

SOM
NMI 0.0 0.0 0.5165 0.3647

ARI 0.0 0.0 0.4672 0.2387

As we can see, the experiments reveal distinct performance differences among the
various combinations of PCP representations and clustering algorithms. Binary PCP,
particularly when used with the Agglomerative and K-Means algorithms, achieved the
most promising results, successfully identifying the four target clusters while maintaining
over 60% purity across all modes. This was in contrast to other representations, such as the
UMAP projection of Simple PCP (Simple+UMAP), which also succeeded in identifying the
four clusters but showed diminished performance, particularly with the Dorian mode, for
which it achieved only 47% purity.

The Binary PCP representation appears to enhance mode separability, likely due to its
simplified representation, which focuses solely on the presence or absence of pitch classes.
This binary simplification effectively removes extraneous details that may otherwise ob-
scure modal patterns, making it particularly well suited for clustering algorithms such as
Agglomerative and K-Means, which rely on clear, distinguishable groupings. Consequently,
these two methods consistently performed better in clustering the modes with the Binary
PCP than with other PCP representations.

This trend is further supported by the Normalized Mutual Information (NMI) and
Adjusted Rand Index (ARI) results. The highest scores were obtained with Binary PCP
and Agglomerative Clustering (NMI = 0.5976, ARI = 0.5756), followed closely by Binary
PCP and K-Means (NMI = 0.5807, ARI = 0.5626). In contrast, while Simple PCP+UMAP
combined with SOM managed to separate the four clusters, its performance was notably
lower (NMI = 0.5165, ARI = 0.4672), aligning with its lower purity results. These findings
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reinforce that the best-performing configurations not only achieved higher purity but also
exhibited superior cluster alignment, as reflected in their NMI and ARI scores.

4.2. Comparing Embedding and PCP Approaches

Tables 5 and 6 show a comparison between the PCP Binary representation and the
embeddings models (JukeMIR, Mule, and MERT). The best outcomes are highlighted in
bold. These results clearly demonstrate the superiority of the Binary PCP representation in
mode classification. While the Binary PCP achieves consistently high performance across
all clustering algorithms, the embedding models struggle to effectively distinguish between
the different modes. This limitation is evident in the clustering results, where a significant
proportion of the data are assigned to the same cluster, suggesting that the embeddings do
not capture the subtle tonal differences required for mode identification.

Table 5. Comparison of clustering purity for different embedding model representations and PCP
Binary across modes. The number in parentheses indicates the dominant cluster for each mode.

JukeMIR Mule MERT PCP Binary

K-Means

Dor 0.4794 (C4) 0.7371 (C1) 0.3691 (C2) 0.7542 (C2)

Maj 0.4791 (C4) 0.7365 (C1) 0.3921 (C2) 0.9798 (C3)

Min 0.4935 (C4) 0.6923 (C1) 0.3893 (C2) 0.8066 (C4)

Mix 0.4678 (C4) 0.7414 (C1) 0.4326 (C2) 0.6600 (C1)

Agglom.

Dor 0.4185 (C2) 0.6541 (C3) 0.4231 (C1) 0.6919 (C1)

Maj 0.4097 (C2) 0.6672 (C3) 0.4120 (C1) 0.9152 (C3)

Min 0.4207 (C2) 0.6234 (C3) 0.4032 (C1) 0.7280 (C4)

Mix 0.4145 (C1) 0.6740 (C3) 0.4406 (C1) 0.9033 (C2)

DBSCAN

Dor 0.9229 (C1) 1.0 (C1) 0.9475 (C1) 1.0 (C1)

Maj 0.8970 (C1) 1.0 (C1) 0.9381 (C1) 0.9997 (C1)

Min 0.9199 (C1) 1.0 (C1) 0.8886 (C1) 1.0 (C1)

Mix 0.8830 (C1) 1.0 (C1) 0.9575 (C1) 0.9956 (C1)

Mean Shift

Dor 0.9323 (C1) 0.8392 (C1) 0.9417 (C1) 0.9948 (C1)

Maj 0.9208 (C1) 0.8364 (C1) 0.9273 (C1) 0.9992 (C1)

Min 0.9325 (C1) 0.8108 (C1) 0.9435 (C1) 0.9664 (C1)

Mix 0.9220 (C1) 0.8229 (C1) 0.9326 (C1) 0.9991 (C1)

SOM

Dor 1.0 (C4) 1.0 (C3) 1.0 (C4) 0.99 (C2)

Maj 1.0 (C4) 1.0 (C3) 1.0 (C4) 0.99 (C2)

Min 1.0 (C4) 1.0 (C3) 1.0 (C4) 0.99 (C2)

Mix 1.0 (C4) 1.0 (C3) 1.0 (C4) 0.99 (C2)

The embedding-based approach introduces additional complexity by representing
each tune within a high-dimensional feature space (e.g., 4800 dimensions for JukeMIR),
which may obscure the fundamental characteristics that differentiate the modes. For in-
stance, the embeddings tend to overfit certain acoustic patterns in the data, leading to
reduced generalization across clusters. Conversely, the Binary PCP’s simplified representa-
tion emphasizes the presence or absence of pitches, allowing the clustering algorithms to
focus on the distinctive pitch-class distributions of each mode. This is particularly critical
for distinguishing between modes that differ by only one or two notes, such as Ionian and
Mixolydian or Dorian and Aeolian.
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Table 6. Comparison of clustering NMI and ARI values for different embedding model representa-
tions and PCP Binary across modes.

JukeMIR Mule MERT PCP Binary

K-Means
NMI 0.0062 0.0005 0.0055 0.5807

ARI 0.0019 0.0091 0.0095 0.5626

Agglom.
NMI 0.0061 0.0005 0.0091 0.5976

ARI 0.0004 0.0065 0.0025 0.5756

DBSCAN
NMI 0.0 0.0 0.0 0.0

ARI 0.0 0.0 0.0 0.0

Mean Shift
NMI 0.0 0.0 0.0 0.0

ARI 0.0 0.0 0.0 0.0

SOM
NMI 0.0 0.0 0.0 0.5105

ARI 0.0 0.0 0.0 0.4065

Overall, the results suggest that embedding models, while powerful in other music-
related tasks, may not be well suited for mode classification in this specific context.
Their inability to consistently detect the unique characteristics of diatonic modes under-
scores the advantages of using tailored, domain-specific features such as PCP Binary for
unsupervised classification.

4.3. Unsupervised Learning Algorithms

As shown in all the codification outcomes, clustering algorithms that do not require
a predefined number of clusters, such as DBSCAN, SOM, and Mean Shift, encountered
significant challenges in this study. Unlike K-Means and Agglomerative Clustering, which
explicitly define the number of clusters, these methods dynamically determine cluster
boundaries based on the data distribution. This approach often resulted in an inaccurate
number of clusters, created by grouping either too many or too few samples.

In the case of DBSCAN, the algorithm struggled to identify the four distinct musical
modes due to its sensitivity to the eps parameter, which defines the maximum distance
between points in a cluster. Depending on the density of the input data, DBSCAN some-
times produced fewer clusters, merging modes into a single group, or fragmented clusters,
leading to over-segmentation. Similarly, Mean Shift faced difficulties in automatically se-
lecting an optimal bandwidth, resulting in inconsistent cluster formation between different
feature sets. SOM also failed to cluster effectively in most cases, classifying all data into a
single cluster regardless of the predefined centroids. Notably, SOM only achieved some
separation when the UMAP reduction was applied to the dataset.

These limitations highlight the importance of algorithms such as K-Means and Ag-
glomerative Clustering when the number of clusters is known a priori. These algorithms
consistently aligned with the dataset’s structure by specifying the number of clusters (in this
case, four), accurately representing the distinct modes. Consequently, for tasks requiring
the classification of predefined categories, algorithms with configurable cluster counts are
more reliable and effective.

5. Conclusions
In this study, our main objective was to determine the best preprocessing techniques in

the task of mode detection in folk music, using Irish folk music as an example and focusing
the work on unsupervised learning paradigm. To reach this objective, multiple experi-
ments were performed to test different methods, such as different PCPs, embeddings, and
reduction algorithms. In summary, the results highlight that the Binary PCP representation
is the most effective feature for unsupervised mode classification of Irish folk music. Its
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simplicity and focus on pitch-class presence enable clustering algorithms to accurately
identify the four diatonic modes, outperforming both the more complex embeddings and
the other PCP variations. Among the clustering algorithms, K-Means and Agglomerative
Clustering consistently deliver strong performance, achieving high accuracy in identifying
clusters and correctly classifying modes. In contrast, DBSCAN and Mean Shift struggle
due to their sensitivity to parameter selection and the lack of predefined clusters, lead-
ing to inconsistent results. Similarly, the embeddings, while offering high-dimensional
representations, introduce unnecessary complexity and fail to capture the subtle tonal dif-
ferences that distinguish the modes. These findings emphasize the importance of selecting
appropriate feature representations and algorithms tailored to the specific task of diatonic
mode classification.

Finally, for future work, this study opens opportunities to explore unsupervised mode
classification in other musical traditions and cultures, particularly those with modal systems
distinct from Western diatonic modes. Extending the analysis to non-Western music could
reveal how these techniques generalize to different modal frameworks and highlight
potential adaptations required for culturally specific features. Additionally, comparing the
performance of unsupervised learning and supervised approaches could provide deeper
insights into the trade-offs between autonomy and accuracy. By incorporating labeled
datasets, supervised methods could be used as a benchmark to evaluate the efficacy of
unsupervised pipelines, offering a more comprehensive understanding of their strengths
and limitations in mode classification tasks.
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