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Abstract

Artificial intelligence offers powerful methods for audio pro-
cessing and analysis. Still, complex workflows and the re-
quired programming skills often limit access for students and
domain experts, such as marine bioacousticians and sound-
scape ecologists. We present ”AI EcoSound Tutor”, a code-
free and interactive tool that lowers these barriers by allow-
ing users to construct and explore a complete AI pipeline for
audio data analysis. Starting from raw recordings, users can
choose from various feature extraction techniques (MFCC,
OpenL3), apply dimensionality reduction methods (PCA, t-
SNE, UMAP), and optionally perform unsupervised cluster-
ing (K-Means, GMM, HDBSCAN). The results are displayed
with an interactive 2D visualisation where the user can com-
pare multiple plots by employing various techniques, includ-
ing PCA and t-SNE. Interactive plots enable the selection of
points or clusters of interest, allowing exploration of spectro-
grams within the desired frequency range, and playing an au-
dio clip corresponding to the selected points. An integrated
”Help” feature provides explanations of each method (i.e.,
what it is, how it works, and its practical use in different do-
mains, such as bioacoustics), fostering both conceptual un-
derstanding and useful skill acquisition as learning outcomes.
For precomputed features or embeddings, this tool also sup-
ports training and evaluating a variety of machine learning
models, providing visual feedback on the results. By merging
accessibility, interactivity, pedagogy, and domain relevance,
our application demystifies AI methods for interdisciplinary
education and supporting research in audio analysis.

Code —
https://github.com/malikazeemcs/AIEcoSoundTutor

Datasets —
https://zenodo.org/records/7072196/files/Orthoptera.zip
https://gist.github.com/curran/a08a1080b88344b0c8a7

Introduction
Artificial intelligence (AI) has emerged as a transforma-
tive force in a wide range of fields, enabling the automa-
tion of complex tasks, pattern recognition in large datasets,
and accelerated scientific discovery (Gridach et al. 2025).
AI methods have empowered researchers to process and in-
terpret sounds at different scales and levels of detail that
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were previously impractical or unachievable in the domain
of audio analysis (Purwins et al. 2019). This has paved the
way for significant advancements in fields such as bioacous-
tics, marine biology, and soundscape ecology, where these
AI methods are being utilised to identify species, classify
acoustic events and monitor ecosystem health (Sethi et al.
2020; P, R, and R 2024). These advancements have made
these fields highly promising for both scientific research and
educational purposes as they provide solutions for sustain-
ability and concrete and sensory-rich data that demonstrate
profound AI capabilities (Jafarian and Kramer 2025).

Although there have been significant advancements in AI
methods, several barriers remain to using these approaches
effectively. Many of these powerful AI tools require pro-
gramming knowledge, with some expertise and familiarity
in complex data science workflows (List, Ebert, and Al-
brecht 2017). While various libraries, such as Pandas, Li-
brosa, Scikit-learn, or TensorFlow, are highly useful for
technically skilled users,they are not easily accessible to stu-
dents or domain experts lacking coding expertise (Rathod
2025). For them, this technical hurdle can delay or impair
the adoption of these advanced AI methods. Furthermore,
educators who seek to teach AI concepts through hands-on
examples face the unavailability of intuitive, code-free plat-
forms that allow learners to experiment with these advanced
AI techniques on real-world data (Lundberg and Lee 2017).

There is a pressing need for accessible and pedagogically
oriented tools for domains where data are both complex and
meaningful to the learner (Witten et al. 2011; El-Sabagh
2021; Carney et al. 2020). For instance, a wide range of an-
thropogenic, biological, and geological acoustic signals are
captured in underwater environments. Such recordings can
be used to explain and demonstrate the fundamental AI con-
cepts, including but not limited to feature extraction, dimen-
sionality reduction, clustering and supervised classification.
However, the fragmented nature of the existing tools restricts
the learning experience. These tools and applications require
users to manually convert file formats, write complex codes
and scripts, or configure various software packages before
any useful and meaningful investigation and visualisation
can be achieved.

To address the gaps and challenges in accessibility of ex-
isting tools and guidance, we have developed ”AI EcoSound
Tutor”, a fully interactive and graphical user interface (GUI)
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application. It is designed with the primary objective of sup-
porting the learning and application of AI approaches in the
domain of sound analysis. Our tool enables users to upload
audio files and extract features such as Mel-frequency cep-
stral coefficients (MFCCs) (Lakdari et al. 2024) or OpenL3
embeddings (Grollmisch et al. 2021). Users can then apply
various dimensionality reduction methods, including Prin-
cipal Component Analysis (PCA), t-distributed Stochastic
Neighbour Embedding (t-SNE), or Uniform Manifold Ap-
proximation and Projection (UMAP), for visualisation pur-
poses (Wang et al. 2021). Optionally, unsupervised clus-
tering can be performed using K-Means, Gaussian Mix-
ture Model (GMM), or Density-Based Spatial Clustering of
Applications with Noise (HDBSCAN)(Wani 2024). Finally,
the results are presented in an interactive 2D visualisation,
where each point is annotated with relevant information, in-
cluding segment time and cluster number. Users can select
various points using a free lasso tool or by clicking on a point
to display the associated spectrogram, along with an option
to play each sound segment. These spectrograms can be cus-
tomised to focus on a specific frequency range. The applica-
tion also supports applying these methods to pre-computed
features, e.g. by uploading a ”.csv” file containing features.
For supervised datasets, it enables the application of vari-
ous fundamental machine learning (ML) models, including
Random Forest, Decision Tree, and voting classifier. Addi-
tionally, visual feedback is provided through accuracy and
confusion matrices. Additionally, it offers learners the abil-
ity to annotate unsupervised data (whether in .wav or .csv
format) based on clustering results and export these anno-
tated datasets for further analysis.

The ability of this tool to integrate functionality with ex-
planatory guidance is its core educational importance. Users
are provided with concise and context-sensitive clarification
of the selected method at each stage. The explanation for
each step includes the definition of the method, its opera-
tion, such as how it works and how it might be useful in their
analysis. This design guarantees that it not only presents re-
sults but also fosters a conceptual understanding of the AI
approaches being used. This consequently makes it partic-
ularly suitable for use in higher education settings and in-
terdisciplinary collaborations. This work contributes to the
growing landscape of AI educational resources by offering:

• An interactive, end-to-end, code-free environment for ex-
ploring and constructing AI workflows in sound analysis.

• Direct audio analysis, seamlessly integrated with interac-
tive visualisation.

• Contextualised and pedagogically guided interpretations
that reinforce conceptual learning.

• A toolkit specifically designed to lower the entry bar-
rier and make it easier for students, educators, and re-
searchers to get started with acoustics analysis or related
fields.

In the following section, we place our work within the
context of existing educational applications and tools for
conceptual AI learning and audio analysis. We will explain
how our tool and proposed method expand and improve

upon them to meet the needs of learners in interdisciplinary
fields and non-programming experts.

Related Work
AI in Sound Analysis
Machine learning and deep learning methods have revolu-
tionised sound analysis and related fields in recent years
through various approaches. These techniques enable us to
extract rich representations from raw recordings for cluster-
ing, detection, and classification tasks. To capture spectral
and temporal characteristics of a sound, MFCC is widely
used, being one of the classic feature extraction methods
(Davis and Mermelstein 1980; Wang et al. 2024). Deep em-
bedding approaches such as OpenL3 have emerged more
recently, providing a high-level and task-independent rep-
resentation that can generalise across diverse acoustic do-
mains (Cramer et al. 2019). These methods are being ap-
plied to a variety of tasks, including species identification,
call detection and classification, and soundscape characteri-
sation in environmental monitoring and bioacoustics (Stow-
ell et al. 2019; Kahl et al. 2021). Although these pipelines
are robust, they are complex to implement, especially for
beginners and researchers from non-computer science back-
grounds. These tools typically require programming exper-
tise and specialised knowledge to be implemented effec-
tively.

Code-Free AI Platforms
Several platforms are offering code-free interfaces in an ef-
fort to overcome the limitations and reduce the entry bar-
rier for machine learning. Google Teachable Machine (Car-
ney et al. 2020) provides learners with the ability to quickly
train classification models using a custom audio, image, or
posture dataset. Similarly, Weka (Hall et al. 2009) offers a
wide range of machine learning models using a graphical
user interface and is standard in introductory data mining
courses. Various applications, such as Orange Data Mining
and KNIME, also offer a visual workflow design that al-
lows users to combine processing nodes without the need
for coding. While these tools and applications work well
for general AI education, they often lack field-specific func-
tionalities. These limitations are particularly noticeable in
audio-focused pipelines, where capabilities such as spectro-
gram visualisation, customisation of spectrograms to focus
on specific acoustic calls, and tight integration with audio
playback features are lacking.

Bioacoustics and Soundscape Ecology Tools
Advanced visualisation, data annotation, and call detection
capabilities for ecological and conservation research are pro-
vided by various domain-specific tools, such as Raven Pro
(Bioacoustics Research Program 2014), PAMGuard (Gille-
spie et al. 2009), and Kaleidoscope (Wildlife Acoustics
2022). These platforms are extremely useful and practical
for domain experts and technicians. The way these tools in-
tegrate into a modern AI pipeline is not accessible for learn-
ers without a programming background and expertise. Fur-
thermore, they support spectrogram analysis and playback
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but rarely include interactive machine learning models or in-
tegrated explanations of AI concepts, which are crucial for
pedagogical use.

Gaps in Existing Tools
While various general-purpose, code-free AI platforms and
domain-specific bioacoustics analysis tools are available,
there is a lack of an integrated system that provides the fol-
lowing capabilities:

1. A seamless and fully integrated audio analysis pipeline
from raw acoustics signal representation to model imple-
mentation and interpretation within a single accessible
environment.

2. A unified platform, integrating advanced visualisation
with exploratory analysis, and providing users with the
ability to interact with intermediate data representations
meaningfully.

3. Interactive mechanisms that link data exploration with
field-relevant artefacts, e.g. spectrograms and audio play-
back, to bridge computational outputs and perceptual un-
derstanding.

4. Embedded and pedagogically informed interpretations of
AI concepts, supporting practical application and con-
ceptual learning to users from diverse backgrounds

Methodology
The primary objective of ”AI EcoSound Tutor” is to as-
sist students and other field experts with no programming
background by providing a hands-on, code-free platform al-
lowing them to explore an end-to-end AI workflow. The
methodology and flow of our tool are designed in such a way
that it emphasises interactivity, transparency, and guided
learning. It allows learners to understand the impact of each
AI method without requiring computer programming exper-
tise.

System Overview
Our application combines various stages of a sound analysis
pipeline into a single, interactive interface. Users can up-
load raw audio files (.wav) or precomputed numerical fea-
tures data (.csv file), and progress through a configurable
workflow. This workflow includes feature extraction, dimen-
sionality reduction, clustering, interactive visualisation, and
an optional application of fundamental supervised machine
learning models. The purpose of the tool is to provide learn-
ers with visual and auditory feedback, enabling them to ex-
plore and gain a concrete understanding of AI concepts for
soundscape ecology. A simplified workflow diagram (Fig-
ure 1) illustrates the modular structure of ”AI EcoSound Tu-
tor”.

Feature Extraction
For audio input, our tool offers two feature extraction meth-
ods, including MFCC and OpenL3 embeddings. Users can
choose one of the methods and configure the segment length
(from 0.1 seconds to 10 seconds, default: 1 second) to com-
pute features. MFCC captures the spectral characteristics of

an audio signal and provides compact representations suit-
able for speech and environmental sound analysis (Lakdari
et al. 2024). For an audio input signal x(t), it computes the
Discrete Fourier Transform (DFT), and maps frequencies f
to the Mel Scale m:

m = 2595 · log10
(
1 +

f

700

)
(1)

Finally, it applies the Discrete Cosine Transform (DCT) on
log filterbank energies to output cepstral coefficients.

OpenL3 embeddings are higher-level feature represen-
tations that capture the semantic content of an audio and
are derived using a pretrained convolutional neural network
(Cramer et al. 2019). A spectrogram is computed from given
audio input, and then for spectrogram S ∈ RT×F , the net-
work learns a mapping ϕ : S 7→ Rd, where R is a real
number, T is the number of time frames, F is the number of
frequency bins, and d is the embedding dimension.

Users can bypass this feature extraction step when they
have precomputed features (i.e. CSVs as input) and directly
utilise their own data for the next steps in the learning work-
flow. This flexibility enables the application to accommodate
both new learners and domain experts working with existing
datasets.

Dimensionality Reduction
To project high-dimensional features into a 2-dimensional
space for visualisation, we employ various widely used di-
mensionality reduction algorithms, including PCA, t-SNE,
and UMAP (Wang et al. 2021). These methods aim to re-
duce computational complexity while preserving the essen-
tial structure of the data that helps learners understand the
relationships within the dataset.

PCA is a linear method that projects high-dimensional
data onto a lower-dimensional subspace while maximis-
ing variance along orthogonal axes. t-SNE is a non-linear
method that preserves local structures by converting pair-
wise similarities into probability distributions and minimis-
ing divergence between high- and low-dimensional spaces,
making it effective for revealing clusters. UMAP models
data as a weighted graph, preserving the global connectivity
structure, which offers better scalability and computational
efficiency for large datasets.

Clustering
For exploratory analysis, particularly with an unsupervised
dataset, this application provides a way to apply vari-
ous clustering algorithms, including K-Means, GMM, and
HDBSCAN (Wani 2024). To help users identify patterns and
correlations interactively, points in each cluster are assigned
a unique colour. Users may choose to visualise data without
applying any clustering algorithm.

K-Means divides data points into k clusters by assign-
ing points to the nearest centroid. It minimises the sum of
squared distances to the cluster centroid:

J =

k∑
i=1

∑
xj∈Ci

||xj − µi||2 (2)
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Figure 1: Proposed system workflow for analysing sound or tabular data, from feature extraction and dimensionality reduction
to clustering, visualisation, and supervised learning.

where xj is the j-th data point, Ci is the i-th cluster, µi =
1

|Ci|
∑

xj∈Ci
xj is the centroid of cluster Ci, and k is the

total number of clusters.

GMM clustering method models data as a mixture of
k Gaussian distributions, estimating the parameters θ =
{πi, µi,Σi} by maximizing the log-likelihood:

L(θ) =
N∑
j=1

log

(
k∑

i=1

πi N (xj | µi,Σi)

)
(3)

where πi is the mixture weight, µi the mean, and Σi the
covariance of the i-th Gaussian component.

HDBSCAN is a density-based clustering method that
groups points into clusters based on neighbourhood density,
identifying points in dense regions while labelling sparse
points as noise. A point x is considered a core point if it
has at least minPts neighbors within a distance ϵ:

|Nϵ(x)| ≥ minPts, Nϵ(x) = {y | ∥x− y∥ ≤ ϵ} (4)

where Nϵ(x) is the set of neighbours of x within radius ϵ,
ϵ is the neighbourhood radius, and minPts is the minimum
number of points required to form a dense region.

Data Annotation
When clustering methods are applied, the application pro-
vides an additional pedagogical feature that allows users to
annotate selected points or clusters and label the resulting
dataset for further analysis. This feature enables users to link
exploratory analysis to downstream tasks, fostering a deeper
understanding of data processing, interpretation, and real-
world applications.

Interactive Visualisation

The interactive 2D visualisation plot is the core pedagogical
element of ”AI EcoSound Tutor”. Information about indi-
vidual points is displayed when hovering, and users can se-
lect points using a lasso tool, with the selected points high-
lighted in the plot. Learners can view spectrograms of se-
lected points, with the option to focus on specific acoustic
signals. Audio playback with an animated playhead illus-
trates the connection between visual features and acoustic
properties. Users can generate multiple plots by modifying
parameters, such as feature type or clustering method, with
each plot shown in a separate window for direct comparison.
These interactions enhance understanding of how AI meth-
ods process audio data.

Machine Learning Models

This application enables users to apply fundamental super-
vised machine learning algorithms directly, including Ran-
dom Forest, Decision Tree, Linear SVC, Gradient Boosting,
and Voting classifier, on labelled data (Bonaccorso 2020).
Learners need to upload labelled data, adjust the train-test
split using a slider, choose a model and apply the selected
model. To provide visual feedback to the user, the accuracy
report and confusion matrix are displayed as heatmaps, en-
abling the user to evaluate the model’s performance. This
visual feedback promotes an understanding of how data rep-
resentation and model choice affect accuracy and predictive
outcomes.
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Figure 2: Application of feature extraction, dimensionality
reduction, and clustering within ”AI EcoSound Tutor”. The
figure illustrates how UMAP and HDBSCAN yield well-
separated clusters of acoustic segments from raw audio data.

Results
To demonstrate the functionality and pedagogical potential
of ”AI EcoSound Tutor”, we present two learning cases. The
first uses unsupervised bioacoustic recordings to demon-
strate how the workflow enables domain experts to identify
vocalisations of different species. The second uses an unla-
beled tabular dataset with precomputed features. Together,
these studies illustrate how learners and experts can use this
tool step-by-step to understand AI concepts.

Case study 1: Unsupervised Bioacoustics
Recordings
For the first case study, we have used a subset of bioacous-
tics recordings from the Grasshopper (Orthoptera) acous-
tic dataset that contains recordings of Chorthippus brun-
neus as .wav files (Faiß 2022). This dataset was collected
for species identification research and includes various Or-
thoptera species, with each file approximately 15 seconds in
duration. To evaluate whether the system can help domain
experts identify species calls within raw and unlabeled data,
we have focused only on a single species in this study.

Feature Extraction: We extracted MFCC features, a
widely used representation in speech and bioacoustics anal-
ysis. Segments of 0.4 seconds were used, and the first
13 MFCC coefficients were computed for each segment,
following recommendations in the bioacoustics literature
(Noda et al. 2019). These 13 coefficients are sufficient to
capture temporal dynamics, species-relevant spectral pat-
terns, and meaningful acoustic structure. This process trans-
formed the raw recordings into a feature space suitable for
further analysis.

Dimensionality Reduction: To explore the acoustic struc-
ture, we experimented with all three dimensionality re-
duction methods. UMAP revealed the clearest separation,
supported by a high silhouette score. UMAP effectively

captured local acoustic similarities while preserving global
structure, consistent with prior research in bioacoustics.

Clustering: We experimented with various combinations
of feature types, dimensionality reduction methods, and
clustering algorithms available in the tool. Table 1 sum-
marises some of these results. All experiments used a seg-
ment length of 0.4 seconds and three clusters (except for
HDBSCAN, which determines the optimal number automat-
ically). While other segment lengths and cluster numbers
were tested, this configuration provided the best overall re-
sults. The combination of MFCC features with UMAP and
any clustering method achieved a silhouette score of 0.9, in-
dicating excellent clustering performance.

Figure 3: Spectrogram visualisation for clusters derived
from MFCC–UMAP features. Cluster 0 reveals structured
acoustic activity, while clusters 1 and 2 show only noise or
silence, confirming cluster separation.

Results: The visualisation plot with UMAP and K-Means
clustering is shown in (Figure 2). We selected some sample
points from the plot and visualised their spectrograms (Fig-
ure 3) to evaluate the content of these 3 clusters. The spec-
trogram analysis explained a clear and consistent pattern as
follows:
• Cluster 0 contained all those points where there is promi-

nent acoustic activity corresponding to grasshopper vo-
calisation. The spectrogram of these points revealed dis-
tinct frequency bands, indicating the presence of an
acoustic signal. We verified the existence of acoustic
events by playing these segments.

• Clusters 1 and 2 contained all those segments without any
specific acoustic activity or discernible call. The spec-
trograms of these points were flat, showing only low-
frequency background noise. This indicated a silent in-
terval or environmental noise, which was again verified
by playing those segments.

Manual inspection of various additional samples across
the clusters confirmed a clear pattern. Cluster 0 contained a
homogeneous group of points corresponding to the acoustic
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Features Type Dimensionality Reduction Clustering Type Number of Clusters Silhouette Score
OpenL3 PCA K-Means 3 0.80
OpenL3 PCA GMM 3 0.79
OpenL3 PCA HDBSCAN Auto(4) 0.57
OpenL3 t-SNE K-Means 3 0.51
OpenL3 t-SNE GMM 3 0.50
OpenL3 t-SNE HDBSCAN Auto(7) 0.53
OpenL3 UMAP K-Means 3 0.80
OpenL3 UMAP GMM 3 0.80
OpenL3 UMAP HDBSCAN Auto(3) 0.80
MFCC PCA K-Means 3 0.67
MFCC PCA GMM 3 0.64
MFCC PCA HDBSCAN Auto(5) 0.71
MFCC t-SNE K-Means 3 0.73
MFCC t-SNE GMM 3 0.74
MFCC t-SNE HDBSCAN Auto(5) 0.58
MFCC UMAP K-Means 3 0.90
MFCC UMAP GMM 3 0.90
MFCC UMAP HDBSCAN Auto(3) 0.90

Table 1: Clustering performance (calculated using Silhouette score) across different feature types, dimensionality reduction methods, and
clustering algorithms.

event of interest, demonstrating the tool’s success in iden-
tifying and isolating biologically meaningful sounds. Our
analysis reveals that background noise is heterogeneous; in-
stead of forming a single cluster, it splits into two distinct
groups with different acoustic signatures. The high silhou-
ette score and HDBSCAN’s consistent three-cluster solution
confirm that three is the natural structure in the data. Thus,
our approach not only separates acoustic events from noise
but also uncovers meaningful variation within the back-
ground audio, offering potential for more detailed sound-
scape analysis.

For learners, this study demonstrates the utility of feature
extraction, dimensionality reduction, and clustering in de-
tecting various biological events using unsupervised acous-
tic data. It also illustrates the ability of ”AI EcoSound Tutor”
to assist users with an unsupervised analysis pipeline that
can transform unlabeled recordings into meaningful biolog-
ical insights. Our system not only helps in scientific analysis
but also serves as a pedagogical tool for teaching core AI
concepts in audio signal processing.

Case Study 2: Clustering to Supervised
Classification with Iris Dataset
In this case study, we utilised the Iris dataset to demonstrate
the tool’s capabilities beyond audio analysis. The Iris dataset
is a widely recognised benchmark in machine learning, con-
taining 150 instances (Wu et al. 2019; ANDERSON 1935).
Each instance represents an iris flower with four features —
sepal length, sepal width, petal length, and petal width, be-
longing to one of three classes: ’setosa’, ’versicolor’, or ’vir-
ginica’. The class labels were encoded as numerical values
0, 1, and 2.

Dimensionality Reduction: We uploaded the Iris dataset
file (.csv); therefore, the application automatically disabled

feature extraction, and we proceeded directly to the dimen-
sionality reduction phase. The label column (species) was
excluded during upload to assess the effectiveness of clus-
tering. All three dimensionality reduction methods were ap-
plied, and UMAP produced the clearest separation among
the three species.

Figure 4: Projection of K-Means Clusters on Iris Dataset

Clustering: We employed various clustering techniques,
but K-Means, applied to UMAP embeddings, proved to be
the most effective. We set the number of clusters to 3 as
there were 3 species labels in the dataset. K-Means identi-
fied three dense clusters that separated the points well and
left a very small fraction of borderline points as noise (Fig-
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Figure 5: Confusion matrix and classification results of a
Voting Classifier (ensemble of Random Forest, Decision
Tree, and Linear SVC) on the Iris dataset, achieving 95.65%
accuracy.

ure 4). It yielded a silhouette score of 0.69, indicating well-
formed groups suitable for segregation and reflecting the
natural class structure, while being robust to outliers, as
clearly shown in the visualisations.

Data Annotation: To analyse the effectiveness of clus-
tering, we assigned a label to each sample based on its
cluster membership. We compared these assigned labels
with ground truth species, and it revealed 145 out of 150
(96.67%) correct assignments, demonstrating a close align-
ment of unsupervised structure with true classes (Figure 6).
This step explains a practical pathway from unsupervised to
supervised data for downstream task modelling.

Figure 6: Comparison of Cluster Assignments with True
Class Labels

Machine Learning: To train a machine learning model,
we fed the Iris dataset with ground-truth labels to various

models and compared the results by varying the train-test
split. Voting Classifier (ensemble of Decision Tree, Random
Forest, and Linear SVC) using 85% data for training and
15% for testing, achieved the best results. Figure 5 shows the
achieved accuracy of 0.9565, along with a confusion matrix
presented as a heatmap, which enables the learner to inter-
pret both overall and class-wise performance.

Results: This case study highlights that learners can:
• Understand how UMAP reveals class structure from nu-

meric features and how feature geometry separates the
classes.

• Compare various linear vs. non-linear dimensionality
reduction techniques and clustering methods to under-
stand what methods work well for well-separated, non-
spherical clusters.

• Validate clusters by comparing pseudo-labels to true la-
bels, showing that clustering can help to generate anno-
tations.

• Connect to supervised learning by relating representation
quality to accuracy and analysing errors with a confusion
matrix.

Conclusion and Limitations
Advancements in artificial intelligence have transformed the
way audio data is analysed by providing various techniques.
But many students and researchers struggle with the tech-
nical complexity required to work with these methods. The
”AI EcoSound Tutor” addresses this challenge by providing
an interactive, accessible, and code-free tool for constructing
and exploring AI workflows in various domains, with a fo-
cus on soundscape ecology and bioacoustics. It enables users
to choose and apply different feature extraction, dimension-
ality reduction, clustering, and visualisation methods, fos-
tering hands-on learning. For supervised data with precom-
puted feature embeddings, it enables users to directly train
and evaluate fundamental ML algorithms to gain deeper in-
sights. This application empowers students and researchers
in bioacoustics and related domains to understand their data.
The current version of the application is limited to a subset
of commonly used methods. For feature extraction, dimen-
sionality reduction to provide visual maps, clustering, and
machine learning algorithms, we have focused on some of
the most used techniques. The application supports .wav for
audio and .csv format for precomputed features. While the
integrated ‘Help’ feature offers valuable explanations and
guidance, further enhancements in user feedback and tuto-
rial integration will improve the learning experience. Future
work will focus on expanding methods for feature extrac-
tion, clustering, and other related tasks, as well as apply-
ing deep learning algorithms to supervised data and support-
ing additional data types. We will focus on integrating ”AI
EcoSound Tutor” into formal educational curricula to max-
imise its benefits and impact on AI education and research.
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