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Abstract

Sound–colour synaesthesia is a rare phenomenon in which auditory stimuli automatically
evoke stable, subjectively real colour experiences. This study aimed to investigate whether
the colours most frequently reported by a synesthete can be reliably predicted based on
objective acoustic parameters of voice signals. The study analysed the responses of a
24-year-old blind woman to different voices, which she consciously associates with distinct
coloured silhouettes. A classification analysis based on MFCC acoustic feature sets and
machine learning algorithms (SVM, XGBoost) demonstrated that the models could be
trained with very high Accuracy—up to 97–100% in binary classification and 89–90% in
multi-class classification. These results provide new insights into how specific sound
characteristics are linked to imagery arising from the human subconscious.

Keywords: synaesthesia; chromesthesia; classification; MFCC acoustic feature sets; ma-
chine learning

1. Introduction
Synaesthesia is an unusual perceptual phenomenon in which individuals experience

sensations triggered by the activation of an unrelated sensory modality or cognitive process.
These experiences are often accompanied by emotional reactions [1]. Although synaesthesia
has been described for centuries, only very recently has scientific research into this condition
begun [2]. Synaesthesia is likened to a neurological condition in which a stimulus, called
an inducer, which can be sensory (particularly sound or taste) or cognitive (numbers,
days, month names), involuntarily, automatically, and consistently evokes a non-externally
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stimulated sensation, called a concurrent. Synaesthesia is not a conscious decision or choice.
It is a passive, unsuppressible experience, although it is triggered by an easily recognisable
stimulus [3]. Synaesthesia manifests in various forms: lexical–gustatory synaesthesia
(intense taste sensations when looking at letters [4], colour–touch synaesthesia (colour
sensations when touching different objects), and spatial–temporal synaesthesia (a spatial
experience when thinking about units of time, such as days of the week or months of the
year [5,6]. The most common form worldwide is grapheme–colour synaesthesia, in which
a person sees letters and corresponding colours arise [7].

It is believed that synaesthesia is inherited in families, which are associated with
pronounced structural and functional neuronal differences. It is stated that synesthetic
experiences emerge in early childhood and, in adulthood, remain highly automatic and
consistent [8,9]. Therefore, it is generally considered a congenital phenomenon [10]. Studies
of three or more generations within a single family, using gene ontology analysis, have
highlighted six genes—COL4A1, ITGA2, MYO10, ROBO3, SLC9A6, and SLIT2—associated
with axonogenesis and expressed in early childhood, when synesthetic associations are
formed [11]. However, there are many cases in which synesthetic experiences arise after
various brain injuries or head trauma [12]. Synaesthesia following head trauma revealed
activation of the left hemisphere during fMRI examination [13]. One reported case involved
a 20-year-old woman who, after losing her vision, began to experience visual perception
of her hands when she moved them and of the objects she touched. Over the course of
a year, these cross-modal sensations developed into vivid visual experiences that accu-
rately reflected her hands, the objects she touched, and, to some extent, objects she could
perceive from her immediate surroundings [14]. Although synaesthesia runs in families,
its developmental origins are unknown. One prominent hypothesis is that synaesthesia
occurs when the hyperconnectivity of cortical connections present in early development
does not undergo the normal amount of experience-dependent pruning [15,16]. Another
hypothesis about the neural basis of synaesthesia is that individuals exhibit additional neu-
ral connectivity and interaction in adjacent cortical areas that process different perceptual
features [15,17]. During synaesthesia, altered connectivity in the temporo–occipital and
parietal regions may be related to changes in Grey matter. Studies have shown an increased
amount of Grey matter in the fusiform and parietal cortex [18]. An increase in white matter
volume has also been observed in the bilateral retrosplenial cortex [19,20]. Similarly, other
researchers have reported increased cortical thickness, volume, and surface area in the
fusiform gyrus and adjacent regions, such as the lingual gyrus and the calcarine cortex, in
grapheme–colour synesthetes [20,21]. Synesthetes have been found to have statistically
significantly higher serum BDNF levels and thus greater neuroplasticity, compared to a
similar control group. Brain-derived neurotrophic factor (BDNF) is one of the most studied
neurotrophic factors [22]. In recent years, the measurement of BDNF levels has become a
very important area due to its association with various neuropsychiatric disorders [22,23].
Studies of grapheme–colour synaesthesia have shown that when letters and numbers
evoke colours, not only are the visual recognition areas of the brain activated, but also
the colour-processing area V4 [24]. Synaesthesia is also analysed through the concept of
cross-modal perception. The McGurk effect describes the phenomenon in which audition
is altered by vision—seeing someone mouth the sound “Faa” while hearing “Baa” makes it
impossible to hear anything but “Faa.” Evidence for the interaction of vision with touch and
sound has also been shown [25–27]. Essentially, there is an ongoing discussion about the
structural and functional connectivity of the brain, with two main explanations emerging:
(a) cross-activations due to direct connections between functionally or structurally neigh-
bouring cerebral sensory areas [15,22,28] and (b) missing or reduced inhibitory function
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within the brain, for example, in the form of the disinhibited-feedback model [22,29,30] or
the re-entrant-feedback model [6,22].

One problem that has so far hindered research on synaesthesia is the unclear use of the
term. For example, cross-sensory metaphors are sometimes described as “synesthetic,” as
are additional sensory experiences that arise from the influence of psychedelic drugs, after a
stroke, or due to blindness or deafness. Synaesthesia that develops as a result of non-genetic
events is called acquired synaesthesia to distinguish it from the more common congenital
forms [31]. Synesthetic behaviour can be temporarily induced by cognitive training, verbal
suggestion, and drugs [13,32]. Research indicates that synaesthesia can be temporarily
experienced by non-synesthetes through the consumption of classic psychedelics such as the
partial serotonin receptor agonist lysergic acid diethylamide [32]. However, to determine
whether synaesthesia is not artificially induced but rather a permanent, consistent state,
the so-called Test of Genuineness (TOG) is used. Some consider the TOG to be the “gold
standard” for assessing synaesthesia. In this procedure, synesthetes are asked—either
verbally or by matching to a colour palette—to indicate the nature of their synesthetic
responses to certain stimuli. They are then retested, often without warning, even after a
year or more [33,34]. If a person has synaesthesia, their response consistency in the retesting
stage will be significantly higher than that of people without synaesthesia who are simply
asked to assign associations to the same set of stimuli [2]. In our previous article, the TOG
test had already been carried out for the selected colours [35].

Sound–colour synaesthesia is one of the most common types of synaesthesia. It is
thought to occur more frequently in individuals inclined toward creativity and the arts.
A heard musical note [36], pitch, tone, or timbre can influence the perception of differ-
ent colours [37]. EEG studies comparing synesthetes and non-synesthetes have shown
significant electrophysiological differences in synesthetes when presented with unimodal
auditory stimuli: in synesthetes, an auditory tone is reliably linked to a visual experience,
whereas in control groups, it is not [38]. Another study found that two dimensions of
musical sound—pitch class and pitch height—were, respectively, associated with the hue–
saturation plane and the value/brightness dimension of colour. Mean colour ratings across
participants revealed that pitch classes corresponded to rainbow hues, ranging from C—
Red; D—Yellow; to B—violet, accompanied by a decrease in saturation. Enharmonic pitch
classes, which refer to the same pitch under a different name, evoked colour sensations
based on the main pitch class name; for example, C-sharp elicited a Pink sensation, while
D-flat was linked to Yellow. Thus, the main factor evoking colour perception was the note
name rather than the sound itself [37]. According to an experimental study of synesthetic
tendencies involving 104 participants, the “angry” voice in Mozart’s Queen of the Night
aria was visualised as Red and Yellow, while a weeping voice was represented by Yellow.
“Angelic tones” were perceived as cool colours [39]. In another study, participants strongly
associated soft timbres with Blue, green, or light Grey rounded shapes; harsh timbres
with Red, Yellow, or dark Grey sharp angular shapes; and mixed timbres (containing both
softness and harshness) with a combination of the two shape types. A strong association
between the timbre of envelope-normalised sounds and visual shapes was observed [40].
Previous studies have also shown that both the loudness and pitch of auditory stimuli
are linked to the brightness and saturation of perceived colours. Pitch, in particular, is
associated with colour brightness, whereas loudness is linked to greater visual vividness.
Manipulating the spectral content of sounds without changing their pitch revealed that
an upward shift in spectral energy was associated with the same visual qualities—greater
brightness and saturation—as higher pitch [41]. People reliably associated brighter colours
with higher tones and darker colours with lower tones [42]. Sound–colour synaesthesia
provides an opportunity to explore the foundations of human perception and the expres-
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sion of consciousness, offering insight into how sound can be linked to visual colours.
Currently, machine learning methods are widely applied in the field of sound analysis.
However, in the context of synaesthesia—where the properties of sound are examined
through the lens of machine learning—there is very little research available in the literature.
Most previous studies have focused on voice signal analysis in other domains, aiming
to uncover structural and emotional characteristics of speech. For example, in studies
investigating the effect of aging on the human voice, vocal recordings were analysed using
the Support Vector Machine (SVM) algorithm. This analysis demonstrated that age-related
changes are clearly reflected in the acoustic properties of speech [43]. In other research,
machine learning has been used for emotion recognition in speech, evaluating the classifi-
cation Accuracy for seven or eight emotional categories. Various acoustic features were
analysed—such as energy, mel-frequency cepstral coefficients (MFCCs), zero-crossing rate,
fundamental frequency, and spectral indicators. The results showed that although subject-
independent emotion recognition remains limited, significantly higher Accuracy can be
achieved when classifying paired emotions [44]. Moreover, machine learning algorithms
have been successfully applied in speech recognition and gender differentiation studies.
For instance, Hajin Sarbast [45] applied machine learning in the field of speech recognition,
while Wejdan Alsurayyi [46] demonstrated that the Random Forest algorithm, combined
with recursive feature elimination (RFE) and 10-fold cross-validation, achieves the highest
classification Accuracy in distinguishing male and female voices. J. R. Bock [47] developed
and implemented a generative deep neural network to model perception in grapheme–
colour synaesthesia. In this model, the weights of the generative network’s hidden layers
encode information about pixel intensity, describing the structural features (and identity)
of each letter as it is perceived in two dimensions. J. Ward [48], using a machine learning
classifier, showed that synesthetes can be distinguished from non-synesthetes using only
standard cognitive and personality measures. Importantly, individuals who exhibit multi-
ple forms of synaesthesia display a more distinct profile (i.e., they can be classified with
higher Accuracy).

Early computational studies of synaesthesia were largely focused on mappings be-
tween sensory modalities, such as associations between colours and musical tones or
phonemes, using statistical correlation analyses [49,50]. These approaches provided valu-
able insights but lacked predictive capability. For example, Asano and Yokosawa [51]
demonstrated that Japanese synesthetes most often associate colours with qualitative prop-
erties of sound rather than with the visual features of letters; however, this relationship
was analysed only statistically, not through a machine learning perspective. Our study
proposes a method based on acoustic features extracted from real voice signals (e.g., MFCC
coefficients) and applies machine learning algorithms (SVM, XGBoost, RF, LR) to quan-
titatively predict synesthetic colours with high Accuracy. This approach also reveals a
novel way to explore interactions between sensory modalities—specifically, the relationship
between sound and colour—from a data-driven perspective by analysing objective signal
parameters. Unlike neuroimaging studies [17,18,52], which aim to define the anatomical
basis of cross-modal brain connections, our work demonstrates that such connections may
be reflected in the structure of acoustic information itself, which can be computationally
modeled. This methodological distinction extends machine learning applications beyond
neural data analysis toward modelling sensory signal patterns, enabling the study of cross-
modality without direct neuroimaging intervention. This approach bridges the fields of
synaesthesia, auditory perception, and data science, offering a new way to investigate
how sensory associations are interconnected at both biological and computational levels.
Our study has two parts. Classification using all colours and four classifiers (Logistic
Regression, SVM, RF, and XGBoost) and optimal feature evaluation via sequential feature
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addition using RF and SVM. The subject of the study was a 24-year-old blind woman who
experiences sound–colour synaesthesia. She lost her sight at a young age. Nowadays, after
speaking with someone for a certain amount of time, she perceives a coloured silhouette of
that person. Therefore, we formulated the hypothesis that specific acoustic properties may
be associated with corresponding perceived colours.

2. Materials and Methods
2.1. Study Design

A structured audio-processing method is used to classify spoken audio based on
acoustic features (Figure 1). Speech recordings are first digitised and segmented into short-
and mid-term frames to extract essential acoustic features, including the following:

• Low-level audio descriptors (LLDs);
• Mel-frequency cepstral coefficients (MFCCs);
• Chroma features (Chroma).

Figure 1. Audio-processing workflow. The pipeline includes (i) recording, (ii) waveform segmen-
tation, (iii) feature extraction, (iv) normalisation, and (v) stratified data splitting for model training
and validation.

Features are normalised via min–max scaling and organised into a dataset with
136 numerical values and a class label per instance. The dataset consists of around
56,000 samples, which were created using a sliding-window method. It is then split by
stratified sampling to ensure the equality of class distribution in both validation and train-
ing sets. The training dataset is again split, allowing for both the training of the model and
some preliminary testing, while the validation set goes through 5-fold cross-validation and
model tuning, serving as the final measure to judge the performance of different models.

2.2. Audio Feature Extraction

Sound was recorded using multi-channel audio equipment at a 44.1 kHz sampling
rate. Data preparation for colour classification involved two main stages: (i) extracting
features and (ii) selecting the most relevant ones. A total of 18 recorded audio samples
were analysed for short-term and mid-term acoustic features (Figure 2).
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Figure 2. Visualisation of short-term and mid-term segmentation windows overlaid on an audio
waveform. Vertical solid lines indicate the boundaries of the feature analysis windows, dashed
lines mark overlap regions between consecutive windows. Colors (red vs. blue) → different time-
scale analysis (short-term vs. mid-term). The red lines (A) correspond to short-term windows
(~50 ms duration with 25 ms overlap), used to extract frame-level acoustic features. The blue lines
(B) represent mid-term windows (~2 s duration with 1 s overlap), which aggregate statistics from the
short-term features over longer temporal segments.

For feature extraction, we used the open-source pyAudioAnalysis Python library
(https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0144610, The page
was opened on 30 June 2025), which offers a variety of audio-signal-processing tools. Short-
time feature extraction used overlapping analysis windows so as to grasp the fine-grained
temporal and spectral changes within the speech signal. Mid-term features would then
be computed as the statistics of the short-term features over longer audio segments. This
eliminates temporal redundancy and maintains a stronger representation of audio content
over time [53].

A speech recording of approximately five minutes was available, from which between
1514 and 1580 feature vectors were generated. The slight discrepancy in the number of
vectors presumably stemmed from differences in the amount of silence interspersed in the
recordings that were removed during feature extraction. Thus, the features were extracted
from the segmenting and processing of the recordings into two complementary sets of
acoustic features: short-term features (ST) and mid-term features (MT). Short-term features
were computed using windows of analysis of about 50 ms with an overlap of 25 ms, thereby
doing justice to the quick changes in the signal in the temporal and spectral domains.

By analysing small time segments, short-term windows allow for the detection of
changes in both timing and frequency of the speech signal. This approach is widely

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0144610
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used to extract detailed acoustic features, such as 8 LLDs (low-level audio descriptors),
13 MFCCs (mel-frequency cepstral coefficients), and 13 Chroma (including Chroma std
average) features per frame, with their respective standard deviation (standard deviation)
values, resulting in 68 short-term features). Mid-term analysis windows provide a statis-
tical summary of short-term features across longer audio segments, allowing for feature
representation and reducing redundant temporal information, resulting in another set of
68 features in Appendix A (Table A1).

The LLDs are as follows: zero-crossing rate, energy, entropy, spectral centroid, spectral
spread, spectral entropy, spectral flux, and spectral roll-off. The MFCCs represent the
shape of the spectral envelope and are generally used to denote the phonetic content of
speech. The first few coefficients are most important, as these describe coarse vocal tract
resonances and coarse timbral characteristics. Chroma features refer to the 12 semitone
pitch class intensities. Such characteristics are helpful in analysing tonal and harmonic
structures [54,55].

These features describe spectro-temporal variations. For instance, comparing MFCC
profiles from different recordings (e.g., the audio samples associated with “black” and
“Pink” colours), we can observe distinct patterns of cepstral traits that encode variations in
speaking voice, enunciation, and/or inflection. Such differences are especially pronounced
for the first few MFCCs that describe the rough spectral shape of the speech (Figure 3). The
first step in this crawling procedure is pre-emphasis, where high-frequency components are
emphasised through a high-pass filter. Then, the signal is chopped into small frames with
an overlap in-between each frame. Each frame is then multiplied by a window function,
such as a Hamming window, to limit spectral leakage, a process known as windowing.
Then comes the Fast Fourier Transform (FFT), which converts each frame from the time
domain to the frequency domain to provide the power spectrum. The transform is then
passed through a bank of Mel Filters, which model the human ear’s level of discrimination
by means of a set of triangular filters spaced according to the Mel scale. The output energies
are further compressed via a logarithmic function to finish it off with a Discrete Cosine
Transform (DCT) that ultimately decorrelates the spectrum and reduces its dimension. The
first 12 to 13 coefficients of the resulting Mel-frequency cepstral coefficients (MFCCs) are
then taken as a very compact representation of the audio signal. A simplified pipeline is
shown in Figure 3.

The output array, structured as [segments × features], was saved as a CSV file. Each
row of the file is one audio segment, each column is one of the 136 features that were
extracted, and one more “label” column indicates the class of that particular segment
(e.g., a colour such as black, Blue, green, etc.). All features were converted into a NumPy
array and normalised using min–max scaling, meaning the minimum and maximum are
calculated for each feature and then used to scale the rest of the data. A second dataset
was created, which includes the standardised features plus the original class labels. This
last dataset, saved as CSV, contains around 56 k voice segments of 136 acoustic attributes
per record.
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Figure 3. Spectral and MFCC feature comparison of “Pink”- and “Black”-colour-associated audio
segments. The top panel shows the overlay of “Pink” and “Black” audio waveforms with analysis
windows, with the red box indicating the segment selected for further analysis. The middle panel
presents the Fast Fourier Transform (FFT) spectra of the 3 s aligned segments, highlighting spectral
differences around 500 Hz that distinguish the two colour-associated voice samples. The bottom
panel shows the average Mel-Frequency Cepstral Coefficients (MFCCs, coefficients 1–13) for the same
segments. Distinct patterns between “Pink” and “Black” are visible, especially in MFCCs 2–5 and 7,
which relate to timbral and phonetic features.

2.3. Dataset Partitioning

The dataset includes eight colour classes with varying sample counts: black (10,748),
white (9718), Red (9337), Blue (7631), grey (6124), Pink (4721), Yellow (4693), and green
(3028). To train and test the models, the data was separated using a 90/10 stratified split.
Stratified sampling was applied to deal with the class imbalance and to maintain the
proportion of each class in the training and validation sets. This is a way to avoid making
model bias [56].

As a result, 90% of the data (approximately 50,400 samples) was used to develop
the model, and the remaining 10% (5600 samples) was kept aside as validation. The
training set was divided into two subsets, including 40,320 samples for training and
10,080 samples for internal testing. Each sample includes normalised features and a
corresponding label indicating its colour class. It is important to know the difference
between validation and testing subsets [56]. The training set is used to adequately train
the model by adjusting hyperparameters and monitoring its performance during training
epochs to prevent overfitting. The validation data, on the other hand, is used to assess
the generalisation performance of the final version of the trained model. Intuitively, the
assumption should be that a predictor must have greater Accuracy on training data than
an unseen one, so if we want to find out how well the model can perform on any new data
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that appeared in the world, the validation set should never be used. Separation of sets is
important to ensure an unbiased evaluation of the likelihood of the model performing well
on unseen data [56].

2.4. Non-Binary Multi-Colour Classification

An attempt is made in this section to assess the discriminatory power of acous-
tic features for classifying eight different colour classes using unsupervised and su-
pervised learning approaches. The classification was performed using a combina-
tion of 136 acoustic features coming from two complementary sets of short-term and
mid-term features.

Unsupervised classification: Unsupervised k-means clustering has been used in an
attempt to characterise the unsupervised separability of the colour classes, given that the
prior step was normalisation. The number of clusters to be formed was set equal to the
number of unique labels (eight). Metrics of Silhouette Score and Adjusted Rand Index
were applied to examine the quality of clustering and to measure the similarity between
predicted clusters and actual labels. This would reveal how well the data can naturally be
grouped solely by acoustic features.

Supervised Classification: This class of classifications was investigated with a view
to choosing the most suitable model for the prediction of colour classes, given acoustic
features. The classifiers were chosen for complementary abilities in high-dimensional,
multi-class data [57]:

• Logistic Regression (LR);
• Support Vector Machine (SVM);
• Random Forest (RF);
• XGBoost (XGB) [57].

Model training. Each model was trained on a stratified training dataset to ensure
balanced class representation. The initial training phase was followed by evaluation on
a held-out testing subset, providing a baseline assessment of each model’s generalisation
performance. This step allowed us to determine model tendencies (e.g., if the model was
overfitting, underfitting or entering minority classes to a degree that performance was
degraded) that set the basis for the next hyper-parameter tuning and cross-validation.

Validation. Validation was carried out using the designated validation set, ensuring
the models are tested against unseen data to confirm their generalisability, with the 5-fold
cross-validation process providing a robust measure of performance consistency across
different subsets of the data.

Optimisation. The goal was to maximise the macro-averaged F1-score [58].
Hyperparameter tuning was applied for optimise the performance of each classifier

by defining the hyperparameter grids for each model, then using GridSearchCV in 5-fold
stratified cross-validation on the validation set to maximise F1-macro score, followed by
checking for convergence issues and reporting the best parameters and scores [58].

Afterward, the fine-tuning process gave the following best configuration: RF with
200 trees, maximum depth of 20, without bootstrapping, and default split criteria. For SVM,
the best parameters corresponded to the maximum regularisation parameter (C = 10) and
gamma being assigned to ‘scale’, which meant that the model had profited from the more
involved decision boundary. For LR model the optimal setting was C = 1, penalty = ‘l2’,
and solver = ‘saga’. For XGB, the best configuration was 200 estimators, a learning rate of
0.2, maximum depth of 6, and subsampling set to 0.8. The optimal setups were saved for
each classifier.
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2.5. Binary Classification for Synaesthesia-Related Feature Determination

Feature Grouping: For this purpose, 68 mid-term features were used; the following
two-colour groups were evaluated: (i) Blue vs. Pink or (ii) Red vs. Yellow. A complete list
of used features is given in Appendix A (Table A1). Features were grouped according to
the mean and corresponding standard deviation (std) data: (i) Low-level audio descriptors
(LLDs) (features #1–8) and std LLDs (#35–42); (ii) MFCC data—MFCC mean (#9–21) and
std MFCCs (#43–55); (iii) Chroma data—Chroma mean (#22–34) and std Chromas (#56–68)
(Table A1).

Sequential Feature Selection: Signal samples, corresponding to group I (Blue colour)
and group II (Pink colour), were assembled into a single dataset. The initial dataset was
split into training and testing sets using an outer 5-fold partition (Figure 4). A single fold,
consisting of 1/5 signal patches from group I and group II, was left out as unseen data
for the final testing. The remaining 4/5 folds were used for training. Model training was
performed simultaneously with feature optimisation, implemented using the “Sequentials”
function. The latter determines the optimal feature set following the sequential addition of
features. It starts with the feature, leading to the highest classification Accuracy (for the
current training/testing data split). If the increment in classification Accuracy is substantial,
the new feature is identified as optimal and added to the optimal set of features. The
procedure described was repeated five times, resulting in five iterations. A single iteration
corresponded to each fold in the outer 5-fold partition. Training/testing split of the initial
dataset was performed by setting a random number generator (RNG) to seed #1 (in Matlab
R2023b). A similar procedure was performed for Red and Yellow colour differentiation.

Figure 4. Binary classification procedure performed simultaneously with optimal feature deter-
mination. Initial dataset was split into training/testing and validation datasets using outer 5-fold
outer data partition. Single fold was used for final model validation, and remaining four folds were
used for model training/testing, coupled with sequential feature optimisation. “SVM” indicates
support vector machine classifier. ‘Cval SVM Acc’ indicates Accuracy, obtained during intermediate
model testing, on optimal set of features, listed in the column ‘SVM Features’. Other classification
metrics were obtained on unseen testing set: Acc—Accuracy; Sens—Sensitivity; Spec—Specificity;
Prec—Precision; and NPV—Negative Predictive Value.

A separate, more complex classification, involving a 2-fold data partition, was per-
formed for ½ and ½ data split into training and testing sets.
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2.6. Evaluation of Classification Efficiency

For multi-colour classification, we evaluated the model performance via 5-fold cross-
validation on the validation set. For every fold, the following per-class metrics were
calculated: (i) Accuracy, (ii) Sensitivity (Recall), (iii) Specificity, (iv) Precision, (v) Neg-
ative Predictive Value (NPV), and (vi) F1-score. The metrics from each fold were com-
bined to calculate the average (mean) and standard deviation for each class as well as for
the overall model.

In binary classification, group I (Blue colour) was marked as 0 (negative) and group
II (Pink colour) as 1 (positive). For the classification of Red and Yellow colours, group
I (Red colour) was marked as 0 (negative) and group II (Yellow colour) as 1 (positive).
Each metric is reported as the mean of all five (outer) folds ± standard deviation of mean.
Data analysis was performed using Python 3.11.9, Matlab R2023b (The MathWorks, Inc.,
Natick, MA, USA), and OriginPro 6.1 (OriginLab Corporation, Microcal, Northampton,
MA, USA) software.

3. Results (Part I): Non-Binary Multi-Colour Classification Using
All Features
3.1. Clustering

The k-means clustering results showed average performance with an Accuracy of 0.29.
This means the unsupervised clustering has difficulty separating the audio features into
different colour groups.

The visualisation of k-means clusters (Figure 5A) using Principal Component Analysis
(PCA) to reduce dimensions to two components shows a dense, multi-coloured scatter
plot, where clusters 0–7 do not align well with true labels, as evidenced by the overlapping
points, indicating poor separation and confirming the low Accuracy.

Figure 5. K-means scatter plots using PCA. Plot (A) displays the clusters (0–7); Plot (B) overlays the
same data with true labels.

With its true labels, a second visualisation (Figure 5B) highlights this mismatch, with
colours representing actual classes showing significant intermixing, hence accentuating
the problem of identifying audio features based on colour associations solely through
unsupervised learning.

The figure comprises two scatter plots depicting the results of k-means clustering
after the PCA was applied to reduce the dataset to two principal components for ease of
interpretation. In Figure 5A, the data points are coloured according to their cluster assign-
ments (labelled 0 through 7), displaying a dense formation with significant overlapping
among clusters. The overlap indicates that the clustering algorithm finds it difficult to
distinctly separate the samples based on their acoustic properties. Conversely, in Figure 5B,
the same data points are plotted but coloured with respect to their actual colour class
labels: Black, Blue, Green, Grey, Pink, Red, White, and Yellow. By way of comparison, this
clearly reveals a tremendous divergence between the clusters found by the algorithm and
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the actual class categories, thereby exhibiting the inability of the unsupervised clustering
algorithm to effectively model the underlying structure of the data relative to the colour
labels. The k-means clustering method recorded Silhouette and ARI values of 0.052 and
0.125, respectively, thereby indicating a weak clustering structure in the feature space.

3.2. Colour Classification

As per the optimisation of the hyperparameters, it was established that both the ar-
chitecture of the model and parameter settings impacted the classification Accuracy (see
Figure 6). Hyperparameter tuning produced the best effects on XGBoost from all processes.
With confusion matrices almost perfectly diagonal, along with all other evaluation criteria,
XGBoost beats the other models. This can be said to be due to the fact that XGBoost models
and also excellently handles intricate, non-linear relations between class imbalance cases
and multi-label classification problems. The SVM gained substantially due to tuning, also
depending on its ability to deal with complex, non-linear decision boundaries in high di-
mensions. Random Forest showed a moderate improvement concerning optimised depths
and estimators but seemed quite sensitive to the class imbalance. Logistic Regression,
despite being a linear model, operated quite reliably and fast, hence endorsing its validity
as a baseline.

Figure 6. Logistic Regression (LR), Support Vector Machine (SVM), Random Forest (RF), and XGBoost
classifier confusion matrices across three stages of evaluation: The Initial (left column) evaluated
on a train–test split without cross-validation or tuning. The Validation (5-fold CV) column (middle)
shows average performance values from 5-fold cross-validation on the validation set. The Final
(tuned) column (right) depicts the performances of the model after hyperparameter tuning using
GridSearchCV and then again evaluated on the validation set. Each matrix visualises classification
performance per class (colour label), where the darker the diagonal cell, the stronger the correct
prediction consistency.
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The range of XGBoost models offers a series of options in terms of Accuracy and
generalisation ability, while also endowing the framework with robustness in managing
the multi-class synesthetic audio classification task.

3.3. Multi-Colour Classification Metrics for XGBoost and SVM Classifiers

The tuned XGBoost and SVM models exhibited strong and consistent classification per-
formance across the colour classes; as demonstrated in Figure 7, both models received high
average values for the main evaluation criteria, Accuracy, Specificity, Precision, Negative
Predictive Value (NPV), and F1-score.

Figure 7. Per-class cross-validation performance of tuned XGBoost (A) and SVM (B) models across
six evaluation metrics: Accuracy, Sensitivity, Specificity, Precision, Negative Predictive Value (NPV),
and F1-score. Each coloured bar represents a specific colour class, with the orange bar summarizing
the average performance across all classes. Error bars denote standard deviations across folds.

Across all colour classes, XGBoost consistently exhibited the highest performance for
F1-score, Specificity, and NPV, where its values typically ranged between 0.95 and 1.0, and
where there was little variation observed among the colour classes. Sensitivity displayed
more variation than the other parameters, especially for the Red and Pink classes, which
yielded lower average scores and larger error margins. This indicates that there were at least
occasional inconsistencies with properly identifying true positive cases for these colours.
Nonetheless, XGBoost did portray good overall robustness, evidencing excellent Precision
and NPV scores, suggesting that the likelihood of XGBoost generating false positives at all
was small, and it did very well in accurately identifying negatives.

SVM performed similarly to XGBoost, yielding strong Accuracy and Specificity scores
for all classes. Once again, similar to XGBoost, the highest variability was observed among
Sensitivity scores, specifically in the Red and Pink classes, also yielding lower average
scores. The SVM’s F1-score and Precision scores were also generally more dispersed than
those of the XGBoost model, suggesting that its performance, although still highly capable,
was slightly less consistent from class to class.

In summary, both models function well, with XGBoost providing marginally more
stable and consistent performance than other models. Figure 7 summarises the average
(orange bar) across all eight colour classes for each metric, providing a summary of perfor-
mance metrics that obfuscate class-level variability.

3.4. Average Classification Metrics for All Colours in Multi-Colour Classification

The tables below Table 1 contain the best hyperparameters and macro-F1-score results
for tuning the four classifiers. For the SVM, the best parameters to obtain the highest
average were an F1-score, gamma = ‘scale’, and kernel = ‘rbf’ (Figure 8), with an average
F1-score of 0.8951. Second, the parameter to reach a mean macro F1-score of 0.8875 from
XGB were n_estimators = 200, max_depth = 6, learning_rate = 0.2, subsample = 0.8, and
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colsample_bytree = 1.0. For RF, the maximum hyperparameters were n_estimators = 200,
max_depth = 20, and bootstrap was equal to False. The macro-F1-score was 0.8388. For LR,
the parameters were C = 1, penalty = ‘l2’, and solver = ‘saga’. The macro-F1-score for LR
was 0.8141.

Table 1. Classification efficiency for 2-fold outer and inner partition using MFFC data, 13 average
and 13 standard deviation features.

Blue vs. Pink

SVM

Fold C-val
Accuracy Accuracy Sensitivity Specificity Precision NPV Optimal Features

1 95% 97% 96% 98% 98% 96% 9, 11, 12, 15, 16, 17, 18, 19, 21,
43

2 95% 97% 97% 97% 97% 97% 9, 10, 11, 13, 15, 16, 18, 19, 21,
43

RF

Fold C-val
Accuracy Accuracy Sensitivity Specificity Precision NPV Optimal Features

1 92% 93% 91% 95% 95% 91% 9, 11, 13, 16, 17, 18, 19, 43 44,
45, 46, 52

2 92% 93% 92% 95% 95% 92% 9, 11, 13, 15, 16, 17, 18, 19, 43,
48

Red vs. Yellow

SVM

Fold C-val
Accuracy Accuracy Sensitivity Specificity Precision NPV Optimal Features

1 96% 97% 97% 97% 97% 97% 9, 10, 11, 12, 14, 15, 16, 17, 20,
21, 46, 52, 54

2 96% 97% 96% 98% 98% 96% 9, 10, 11, 12, 13, 14, 15, 16, 17,
19, 20, 21, 45

RF

Fold C-val
Accuracy Accuracy Sensitivity Specificity Precision NPV Optimal Features

1 91% 92% 90% 93% 93% 91% 9, 11, 14, 15, 16, 17, 21, 46, 51,
52

2 91% 91% 89% 93% 92% 89% 9, 12, 13, 14, 15, 16, 19, 21, 43,
46, 52

To summarise, SVM offered the best average performance with 98% mean Accuracy,
90% mean Sensitivity, 99% mean Specificity, 91% mean Precision, and 99% mean Nega-
tive Predictive Value, with an F1-score of 0.90, suggesting a strong performance with no
disadvantage across all evaluation metrics (Figure 8). XGB had, on average, the same
performance, just a lower Sensitivity and F1-score. RF had a similar mean performance but
also had the same Specificity and Negative Predictive Value. Sensitivity dropped slightly
to 0.83, resulting in a decreased F1-score of 0.85. Finally, LR had the worst mean Sensitivity
and F1-score (0.82); these scores indicated a decreased ability to correctly identify positive
cases. Considering the low variance depicted by the error bars, we could confidently state
that the analysis following hyper-parameter tuning could reflect the fit obtained.

These findings suggest that SVM and XGBoost are the most reliable models for this
multiclass classification task.
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Figure 8. Bar chart comparing the performance of four tuned classification models across six evalua-
tion metrics. Each bar represents the average metric score across all classes, with error bars showing
the standard deviation to reflect performance consistency.

4. Results (Part II): Binary Two-Colour Classification for Feature Analysis
4.1. Classification Efficiency for SVM and RF for Grouped Features

Classification efficiency between two colours, (i) Blue and Pink or (ii) Red and Yellow,
was evaluated using an optimal set of features for (i) LLD data (16 features), (ii) MFFC data
(26 features), (iii) Chroma data (26 features), and (iv) Overall data (68 features) (Figure 9).

The highest classification efficiency for both binary groups, Blue and Pink or Red and
Yellow, was achieved using MFFC and overall data for the SVM classifier, with Accuracy,
Sensitivity, Specificity, Precision, and NPV metrics ranging from 95 to 100% classification
efficiency (Figure 9). The most efficient group for colour differentiation was the MFFC data
for both colour groups.

Compared to SVM, the RF classifier was determined to be less efficient with classifica-
tion metrics for MFFC data falling into the 90–95% range and, for overall data, increasing
to 95% efficiency for both colour groups.

We have obtained high classification efficiency even using a 2-fold outer and inner
partition, corresponding to half of the data used for training and half of the data left
completely unseen and used for testing of the models (Table 1). The classification using
SVM resulted in near-perfect efficiency (95–100%) for all the metrics, with a little lower
(90–95%) for the RF classifier.
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Figure 9. Classification of (i) Blue and Pink (left panel) or (ii) Red and Yellow (right panel) for SVM
and RF classifiers. Cval Accuracy indicates Accuracy obtained during model training; other metrics
represent model performance on unseen testing data.

4.2. Feature Analysis

The analysis of optimal features for the most efficient MFFC data, optimised using
26 features (13 averages and 13 standard deviations), and overall data, using 68 features,
is presented for (i) Blue and Pink colours (Figure 10), as well as (ii) for Red and Yellow
colours (Figure 11).

MFFC data corresponded to the highest classification efficiency between Blue and
Pink colours, as it was previously indicated in Figure 9. The dominant optimal features
for both SVM and RF classifiers largely corresponded to average features of MFFC data
(Figure 10); more than 10 features were required for efficient differentiation.

On the contrary, overall data had all 68 features present in the beginning. Feature
distribution has also indicated that average MFFC data was the most dominant for the
efficient classification for both SVM and RF classifiers, with approximately 12 features
required for the classification.

Similarly, MFFC data corresponded to the highest classification efficiency between
Red and Yellow colours (Figure 9). The dominant optimal features for both SVM and RF
were average features of MFFC data (Figure 11); more than 11 features were required for
efficient differentiation. Classification using overall data has also indicated that average
MFFC data was the most dominant for the efficient classification for both SVM and RF
classifiers, with approximately 14–15 features required for the classification.
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Figure 10. Features selected into the optimal set for MFFC (left panel) and the overall group
(right panel) for the classification of Blue and Pink colours. Summarised occurrences of features
within subsets of average and standard deviation data for MFFC features (left middle panel);
summarised occurrences for different feature subsets for overall data: 1—LLD average data; 2—
MFCC average data; 3—Chroma average data; 4—LDD standard deviation data; 5—MFCC standard
deviation data; 6—Chroma standard deviation data (right middle panel). Textboxes indicate the
average number of features (±SD) per single iteration. The symbol “#” denotes the feature index
number in the feature set list.

Figure 11. Features selected into the optimal set for MFFC (left panel) and the overall group
(right panel) for the classification of Red and Yellow colours. Summarised occurrences of features
within subsets of average and standard deviation data for MFFC features (left middle panel);
summarised occurrences for different feature subsets for overall data: 1—LLD average data; 2—
MFCC average data; 3—Chroma average data; 4—LDD standard deviation data; 5—MFCC standard
deviation data; 6—Chroma standard deviation data (right middle panel). Textboxes indicate the
average number of features (±SD) per single iteration. The symbol “#” denotes the feature index
number in the feature set list.
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5. Discussion
Sound is one of the most important carriers of information. In a real environment, an

audio signal contains a wealth of information about the surroundings. Based on their expe-
rience and abilities, people can effectively recognise their environment through sound. The
acoustic features used for sound classification must represent the essential characteristics of
the audio signal, be reliable, and provide a comprehensive description of it [59]. The main
characteristics of the human voice depend on gender, age group, and ethnicity [60]. The
use of sound-based machine learning in biomedical research holds considerable promise.
In recent years, many researchers have applied acoustic analysis methods [61–64] to distin-
guish between two voice quality levels—normal and pathological [61]. Sound-based deep
learning methods have shown potential in detecting lung diseases [65]. Recent studies
have revealed correlated acoustic features in the voices of patients with depression [66].
Neural networks are widely applied in the study of Parkinson’s disease [67], and in pae-
diatrics, voice feature analysis is used to investigate crying characteristics in infants [68].
In a study of six Japanese synesthetes, it was found that colour choice depended not on
the visual appearance of hiragana or katakana characters but on the sounds associated
with these characters. The results also demonstrated remarkable consistency [51]. When
analysing sounds, loudness and voice quality play a crucial role. Loudness, combined with
tense or modal voice quality, can enhance the expression of high-activation states such as
formality, indignation, interest, tension, or happiness. Conversely, increasing the loudness
of inherently “quiet” voice qualities (breathy, whispered) or decreasing the loudness of
inherently “loud” voice qualities (tense) reduces the ability of these qualities to express
their associated states [69].

It is believed that the association of vocal qualities with colours in synaesthesia can
be expressed at an emotional level. In 1810, Goethe wrote his Theory of Colours, in
which he linked categories of colours (e.g., “plus” colours such as Yellow, Red–Yellow,
and Yellow–Red) with emotional reactions (e.g., warmth, excitement) [70,71]. Goldstein
(1942) expanded on Goethe’s intuition, arguing that certain colours (e.g., Red, Yellow)
evoke systematic physiological responses that manifest as emotional experience (e.g.,
negative arousal), cognitive orientation (e.g., directing attention outward), and overt action
(e.g., compelled behaviour). Later theories derived from Goldstein’s ideas focused on
wavelength, suggesting that longer-wavelength colours are perceived as exciting or warm,
whereas shorter-wavelength colours are perceived as relaxing or cool [71,72]. Colour is
considered to have three main attributes: hue, lightness, and chromaticity [73]. Most
theories have focused on colour as an independent variable rather than as a dependent
one; however, it is also likely that colour perception is influenced by many situational and
intrapersonal factors [74]. For example, Jonauskaite et al. [75,76] presented participants
with colour-related words and patches and asked them to select the emotions associated
with those colours. Their results showed that participants tended to associate anger and
love with Red, sadness with Grey, and joy with Yellow, regardless of whether the colours
were presented verbally or visually.

Light and dark colours are associated, respectively, with positive and negative emo-
tions: Red with both positive and negative high-arousal emotions; Yellow and orange with
positive, high-arousal emotions; Blue, green, Blue–green, and white with positive, low-
arousal emotions; Pink with positive emotions; purple with empowering emotions; Grey
with negative, low-arousal emotions; and black with negative, high-arousal emotions [77].
Ref. [74] Fetterman presented words related to anger and sadness, written in either Blue or
Red, and asked participants to categorise them. Their results showed that anger-related
words were categorised more quickly when presented in Red than when presented in Blue,
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suggesting that the perception of Red—associated with the concept of anger—facilitates
the linguistic processing of anger-related content [75].

Although most previous research has focused on subjectively reported associations or
neuroimaging data [30,52], systematic attempts to predict these associations using objective
acoustic features remain limited. Our study proposes a new approach: by using only
acoustic features of voice signals—particularly MFCC—it is possible to reliably classify the
most frequently reported synesthetic colour responses. Our results show that, in multi-class
classification, SVM and XGBoost models achieved high Accuracy and F1-scores (0.89–0.90).
Even in binary classification (e.g., Pink vs. Blue, or Red vs. Yellow), using only 10–15 MFCC
features, we achieved more than 97% Accuracy. Although all classification methods (SVM,
XGBoost, RF, LR) reached high overall performance, the XGBoost model demonstrated
the greatest Accuracy and consistency across all colour classes. This indicates that the
foundations of synesthetic perception are not random but are strongly linked to specific
phonetic or acoustic structures of speech—possibly because MFCC approximates biological
sound perception. This finding supports the hypothesis that synesthetic responses may
be driven not only by sensory sound properties but also by emotional perception [78].
It aligns with previous studies reporting consistent links between voice characteristics
and colour perception. For example, in [50], higher speech fundamental frequencies and
spectral slopes were matched with lighter and pinker colours, “whispering” voices were
associated with smoky textures, and “rough” or “creaky” voices were linked to textures
resembling dry, cracked soil. Similarly, [49] found that the emotional tone of music (anger,
sadness, joy) was associated with specific colours: Red with anger, Yellow with joy, and
Blue with sadness. A widely used framework for studying human emotions is James
Russell’s [79] circumplex model of affect, which describes emotional responses along two
main dimensions: valence (positive to negative) and arousal (low to high) [80]. In this
model, emotions are systematically arranged around a circular space, where the X-axis
represents valence and the Y-axis represents arousal. Applying Russell’s model to colour
perception, colours can be classified by valence and arousal. Pink and Blue fall into the
low-to-moderate arousal group. Pink is a warm, emotionally positive colour, often asso-
ciated with gentleness and softness, while Blue is cool, calming, and linked to relaxation
and inner peace. In contrast, Red and Yellow belong to the high-arousal group. Yellow is
generally associated with joy, alertness, and high-energy emotions, whereas Red is linked to
intense emotional arousal, passion, or even aggression. Both are considered warm colours,
but they differ in valence—Yellow tends to be positive, while Red is more ambivalent or
negative depending on context—and in perceptual vividness, meaning their visual and
emotional impact. These results support the idea that synesthetic colour responses are
strongly grounded in both acoustic and emotional aspects of voice, rather than being purely
subjective or random sensations. This is in contrast to the previous literature, which has
primarily focused on statistical representations of tones and colours. This work predicts
colour perception outcomes quantitatively and with high Accuracy by leveraging signal-
level acoustic features such as MFCC, LLD, and Chroma. By methodologically integrating
the extraction of multivariate acoustic features with machine learning algorithms such
as SVM, XGBoost, RF, and LR, a data-driven approach has been provided that can high-
light regular correspondences between the voice parameters and perceived colours. It
makes a contribution, in that it identifies relationships between acoustic structure and
perceived colour, which suggests that cross-modal perceptual mechanisms may be reflected
in measurable speech synthesis. Therefore, this study extends the research on synaesthesia
beyond descriptive or neuroimaging approaches by introducing a computational method
for modelling the individual perceptual representations and providing novel insights into
how sound features encode and predict subjective colour experiences.
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Limitations and Future Work

This study has shown that machine learning models of colour related to voice activity
in blind synaesthesia can be mapped from MFCCs and other acoustic features. We interpret
these results that certain acoustic parameters in particular suffice to decompose the reported
colour associations by our participant.

Nonetheless, several important limitations need to be noted. The analysis was con-
ducted using data from a single individual whose synaesthetic associations were self-
reported and may not reflect the variability observed in the broader synaesthetic population.
The high classification Accuracy of the models, while corrected for some bias through strat-
ified sampling and 5-fold cross-validation, suggests that at least some proportion may be
capturing within-subject consistency rather than generalisable perceptual patterns. These
limitations should be made up for in future works with larger datasets. Additional research
is needed with larger numbers of subjects, both within the synesthete population and a
control group, but a sample of that kind would be necessary to determine the extent to
which patterns, individual differences, and interpersonal Specificity could generalise across
synaesthesia types. Moreover, the inclusion of neurophysiological recordings (such as EEG
or fMRI) would help make explicit any connections between observed acoustic–colour
congruences and neural correlates. Looking at more alternative modelling approaches
might instead allow us to model the intrinsic nonlinearities and relations between acous-
tic features and perceived colour better. It should be assessed whether the synesthetic
colour responses corresponded more with acoustic attributes (tone, intensity, timber, or
semantic properties of voice type, i.e., emotional content in speech). The present trial is
limited in scope; however, its design descriptions lay down a strong methodological frame-
work for broad and more unified multimodal synaesthesia studies between the acoustic,
neurophysiological, and machine learning fields.
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Appendix A

Table A1. Feature numbers and groups.

# Short-Term or Mid-Term
Features

LL
D

D
at

a

M
FC

C
D

at
a

C
hr

om
a

D
at

a

LLD Average

1 zcr_mean +

2 energy_mean +

3 energy_entropy_mean +

4 spectral_centroid_mean +

5 spectral_spread_mean +

6 spectral_entropy_mean +

7 spectral_flux_mean +

8 spectral_rolloff_mean +

MFCC Average

9 mfcc_1_mean +

10 mfcc_2_mean +

11 mfcc_3_mean +

12 mfcc_4_mean +

13 mfcc_5_mean +

14 mfcc_6_mean +

15 mfcc_7_mean +

16 mfcc_8_mean +

17 mfcc_9_mean +

18 mfcc_10_mean +

19 mfcc_11_mean +

20 mfcc_12_mean +

21 mfcc_13_mean +

Chroma Average

22 chroma_1_mean +

23 chroma_2_mean +

24 chroma_3_mean +

25 chroma_4_mean +

26 chroma_5_mean +

27 chroma_6_mean +

28 chroma_7_mean +

29 chroma_8_mean +

30 chroma_9_mean +

31 chroma_10_mean +

32 chroma_11_mean +

33 chroma_12_mean +

34 chroma_std_mean +
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Table A1. Cont.

# Short-Term or Mid-Term
Features

LL
D

D
at

a

M
FC

C
D

at
a

C
hr

om
a

D
at

a

LLD Std Dev

35 zcr_std +

36 energy_std +

37 energy_entropy_std +

38 spectral_centroid_std +

39 spectral_spread_std +

40 spectral_entropy_std +

41 spectral_flux_std +

42 spectral_rolloff_std +

MFCC Std Dev

43 mfcc_1_std +

44 mfcc_2_std +

45 mfcc_3_std +

46 mfcc_4_std +

47 mfcc_5_std +

48 mfcc_6_std +

49 mfcc_7_std +

50 mfcc_8_std +

51 mfcc_9_std +

52 mfcc_10_std +

53 mfcc_11_std +

54 mfcc_12_std +

55 mfcc_13_std +

Chroma Std Dev

56 chroma_1_std +

57 chroma_2_std +

58 chroma_3_std +

59 chroma_4_std +

60 chroma_5_std +

61 chroma_6_std +

62 chroma_7_std +

63 chroma_8_std +

64 chroma_9_std +

65 chroma_10_std +

66 chroma_11_std +

67 chroma_12_std +

68 chroma_std_std +
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