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Mental health issues are the leading cause of global disability, increasing the
need for treatment options. While there is much research on the emotional
recognition of music in general, there is a gap in studies that directly connect
musical features with their therapeutic effects using deep learning. This
systematic literature review explores the use of deep learning in classifying
the therapeutic effects of classical music for mental health. Following the
preferred reporting items for systematic reviews and meta-analyses
(PRISMA) framework, a total of 15 papers were reviewed. This review
synthesized studies on the role of musical elements that affect mental states.
Different feature extraction methods, including mel-frequency cepstral
coefficients (MFCCs), spectral contrast, and chroma features, are discussed
for their roles in classifying these therapeutic effects. This review also looks
at deep learning algorithms like convolutional neural network (CNN), deep
neural network (DNN), long short-term memory (LSTM) network, and
combined models to assess their effectiveness. Common evaluation methods

Music therapy are also assessed to measure the performance of these models in audio
classification. This review highlights the potential of combining deep
learning with classical music for mental health support, and to future
possibilities for applying these methods in the real world.
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1. INTRODUCTION

Mental disorders have been identified as the leading cause of global disability [1]-[3]. Mental health
is becoming an increasingly important issue worldwide, with more and more people experiencing anxiety,
depression, and other emotional or psychological challenges. As a result, there is a growing interest in
finding effective treatments that can help improve mental health [4]. Among the various methods explored,
music therapy has attracted significant interest [5]. For many years, music has been used and researched to
help mental health, from boosting mood and reducing stress, to treating clinical conditions [6]-[8]. In
particular, the use of classical music. Studies have shown that classical music can do more than just entertain,
it can reduce stress, enhance mood, and even positively affect cognitive functions like memory and attention
[9]. Classical music stands out in mental health therapy because of its emotional depth and structured
compositions. It’s also been found to lower heart rates and reduce blood pressure, which makes it a tool for
improving both mental and physical health [10]. Because it affects both mind and body, classical music is
increasingly seen as a valuable tool for mental health treatments [11]. Recent studies have focused on how
music's emotional and psychological effects can be classified using advanced computational techniques.
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Studies have shown that different musical features, such as tempo, harmony, and rhythm, can elicit
various emotional responses [12]. However, connecting these musical features with therapeutic outcomes
remains underexplored [13]-[15], especially when aiming to automate this process through deep learning.
Several studies have utilized machine learning and deep learning algorithms to explore and predict the
therapeutic effects of music [15]. According to Modran ef al. [16], deep learning was employed to identify
the emotional effects of music by training a neural network to categorize music into emotions like happy,
sad, calm, and energetic. The researcher used mel-frequency cepstral coefficients (MFCCs), which capture
the spectral properties of the audio, to predict the therapeutic effect of the music. That study highlighted the
importance of connecting audio features with emotional feelings. However, it focused on various music
genres without thoroughly exploring classical music's therapeutic potential. Similarly, Dutta and Chanda [17]
employed a hybrid convolutional neural network-long short-term memory (CNN-LSTM) deep neural
network (DNN) to classify music emotions, showing high accuracy when applied to a dataset of Assamese
songs and the Ryerson audio-visual database of emotional speech and song (RAVDESS) emotional song
database. But like many previous studies, it is focused on emotion recognition rather than the therapeutic
outcomes. Despite these studies, a significant gap remains in connecting musical features directly with
therapeutic outcomes, particularly for classical music. Current research often emphasizes general emotion
classification or music recommendation systems, not the specific therapeutic effects, such as stress reduction
or mood enhancement. This gap opens an opportunity for exploring a more targeted approach that combines
deep learning with feature extraction techniques to classify the therapeutic impacts of classical music on
mental health, therefore addressing the therapeutic aspects.

This systematic literature review uses the preferred reporting items for systematic reviews and meta-
analyses (PRISMA) framework to evaluate the use of feature extraction methods, deep learning algorithms,
model evaluation, and musical elements in classifying audio. Audio signal processing commonly uses feature
extraction techniques to capture key characteristics like timbre, pitch, amplitude, and rhythm [18]. These feature
extraction methods can make raw audio data into a structured format so that it can be analyzed computationally
[19], [20]. Common feature extraction techniques include MFCCs, chroma features, spectral contrast, and zero-
crossing rate [21]-[23]. Musical features are also essential in understanding how musical compositions can
impact someone and their mental state [24], [25]. The researcher aims to identify which specific elements of
music play a significant role in contributing to its effects on mental state. This review also compares feature
extraction techniques to determine the most common and effective methods for extracting musical features.

Deep learning offers an efficient approach for handling the complex data produced by the feature
extraction method [26]. Models such as CNNs and LSTM networks are particularly suited for classifying and
analyzing time-series data, like music [27], [28]. Moreover, this review provides an original contribution by
systematically synthesizing and critically analyzing existing studies on the use of feature extraction methods
and deep learning algorithms in classifying the therapeutic effects of music on mental health, with a focus on
classical music. By following the PRISMA guidelines and well-defined inclusion criteria, this systematic
literature review ensures a rigorous and transparent approach. This review also aims to be a useful reference
for future research, emphasizing the methods that can be utilized in this area.

2. METHOD

The PRISMA framework is applied in this systematic review to guide the comprehensive and
transparent identification and assessment of relevant literature. The use of PRISMA also helps reduce the
likelihood of reporting inaccuracies in systematic reviews and enhances the clarity and transparency of the
review process [29], [30]. The researcher uses the PRISMA framework closely to ensure a systematic,
transparent, and consistent selection process, which strengthens the reliability and validity of the findings
presented in this review. The aim is to also effectively investigate the papers regarding the theory, tools,
methods, algorithms, and evaluation that are used to classify audio-based datasets.

2.1. Research questions

To give this review a clear focus, the research questions were chosen based on research gaps and
limitations that were found in previous studies. While many studies explore the emotional effects of music on
the mental state, there is still a lack of research that directly connects specific musical elements with measurable
therapeutic outcomes. This gap led to these research questions for this systematic literature review, which aim to
explore the less explored areas. Many previous studies have also focused on classifying general emotions or
music recommendation systems, rather than classifying the specific therapeutic effects of the music. The
limitations helped to guide the research questions to focus on which musical elements, feature extraction
methods, and deep learning algorithms that are commonly used and effective in classifying the therapeutic
effects of music. To make sure that the classification performs well, the research question also aims to evaluate
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how well various evaluation methods are used to assess the performance of deep learning models in audio-based
classification. Table 1 shows the research questions for this systematic literature review.

Table 1. Research questions
Index Research questions
RQI1 Which elements of music are usually used to determine the effects on mental state?
RQ2 What are the most common and effective feature extraction methods for classifying the impact of classical music on
mental health?
RQ3 What deep learning algorithms are most effective for classifying the therapeutic effects of classical music?
RQ4 What methods are employed for evaluating the performance of deep learning models in audio-based classification?

2.2. Search strategy

Publish or perish (PoP) is a widely used tool for academics and researchers to conduct and retrieve
academic papers from various online databases [31]. It simplifies the process of gathering and analyzing
research papers by collecting results from sources such as Google Scholar, Scopus, and IEEE Xplore,
providing citation metrics like the h-index, g-index, and total citations for selected papers [32]. Thus, for this
systematic literature review, the researcher identified relevant literature using PoP software to conduct
systematic searches across electronic databases, including Google Scholar, Scopus, and IEEE Xplore.
Figure 1 shows the PRISMA framework flow diagram, illustrating from the initial identification of papers
collected, to the relevant studies that are included in this review.
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Figure 1. PRISMA framework flow diagram

The search terms included keywords such as “classical music” AND “mental health”, “music for
mental health”, “deep learning” AND “music”, “music” AND “classification”, “sound classification”,
“audio classification”, “feature extraction” AND “therapeutic effects”, “feature extraction”, “music therapy”,
“music emotion classification” AND “deep learning”. The searches focused on journal articles published in
English within the last 5 years. The search results are reviewed using the PRISMA method, which involves
several steps [33]. It starts by identifying all relevant papers, and then narrowing them down based on
specific criteria to select the studies that are most useful for this review.

The inclusion criteria for this systematic literature review are designed to prioritize the selection of
publications that are both recent and relevant. The review focuses on peer-reviewed articles, or conference
papers published in English from 2019 onwards, to make sure the research is recent. Studies must focus on
topics such as the effects of music on mental state, or how deep learning is used in music analysis, and or
feature extraction methods like MFCC for understanding music’s emotional or therapeutic effects. These criteria
help to make sure that the selected studies are directly related to the review’s aim and research questions.

After the searches or identification, titles and abstracts will be screened for relevance to the research
questions, and a full-text review will be conducted for papers meeting the inclusion criteria. The last stage
involves analyzing and synthesizing to answer the research questions. A narrative synthesis is used to
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compare the findings of the reviewed studies. The results of the review are structured, summarizing key
findings and highlighting gaps in current research. The limitations of the reviewed studies are discussed,
along with recommendations for future research.

3.  RESULTS AND DISCUSSION

The researcher conducted a screening and selection process on 800 papers to finally include only
15 papers that met the inclusion criteria. By analyzing specific parts of the selected papers, the researcher
aims to answer the (RQ1, RQ2, RQ3, and RQ4) questions. The analysis looks at the data of musical elements
such as melody, tempo, and rhythm, that can affect the mental state. Also, the musical features can be
produced from raw audio using different feature extraction methods to do this processing. The review also
analyzes the specific deep learning models used (e.g., CNN, recurrent neural networks (RNNs)) to classify
music. Lastly, this review also examines evaluation metrics like accuracy, precision, and recall, evaluating
the performance of the models. Table 2 provides a summary of six selected research papers that explore the
relationship between specific musical features and their therapeutic effects. Table 2 presents the features
extracted from the music, the mental or emotional benefits reported (such as relaxation, focus, or stress
reduction), and the corresponding findings and classification results. This overview helps highlight which
features are most commonly associated with certain emotional or therapeutic outcomes and how effective
different models have been in recognizing them.

Table 2. Research paper summaries of key musical features and their corresponding therapeutic effects on

mental states
Therapeutic effects
Calm, happy, energetic,

Result
The researcher can classify calm, happy, and energetic songs

Reference Features of music
[16] i) Tone class profile

ii) Clarity of the key  and sad with 94% accuracy, but the accuracy for sad songs is a bit
iii) Harmonic change lower at 85%.
iv) Musical module
v) Beat histogram
vi) Medium tempo

[34] i) Tempo Relaxing The researcher found that changing one part of the musical
ii) Timbre element from ‘relaxing’ music affected people’s heart rate,
iii) Amplitude breathing, and even skin reactions.

[35] Beats Relaxing The researcher found that songs can be an effective tool for

reducing acute stress.

[36] i) Tempo Happy, relax, sad The researcher successfully classified “happy’ and ‘sad’ with an

ii) Beats accuracy of 80%-90%, but for ‘relax’, the accuracy is lower,

around 60%-70%, so it is still in the poor category.

Although features like tempo and timbre of the music can
influence focus, the familiarity of the song has a significantly
greater impact on enhancing attention and maintaining focus.
Slow background music successfully reduced the stress
experienced by students during tough dental training. It is also
found to increase their motivation to learn and practice.

[37] i) Tempo
i) Timbre

Focusing

[38] Tempo Stress reduction,

motivating

3.1. RQ1: which elements of music are usually used to determine the effects on mental state?

The research paper summaries reveal several musical features that significantly influence emotions
and cognitive responses. Table 3 shows the overall comparison of the key musical features and the effects on
mental states. Tempo is a versatile element, faster tempos tend to enhance motivation and alertness, making
listeners feel more active, while slower tempos are associated with relaxation and stress reduction [39].
Similarly, timbre, or the unique tonal quality of an instrument or voice, affects how engaging or soothing the
music feels. Softer timbres are often associated with relaxation, whereas brighter, sharper timbres can help
maintain attention and focus. Amplitude influences the volume or intensity of music, which directly impacts
physiological responses like heart rate and stress levels. Softer volumes are often associated with a calming
effect. A steady beat can affect the sense of stability that can help to relax and ease acute stress [40]. Also,
certain harmonic patterns can evoke calmness, sadness, to nostalgia.

It is found that the effects on the mental state do not just come from one element of music. Rather,
the combination of tempo, timbre, amplitude, beats, and harmonic structures creates the effects on the mental
state. For example, the mix of tempo and timbre can really affect how people feel. Studies have shown that
faster tempos combined with softer sounds can affect someone’s motivation and happiness, while slower
tempos combined with sharper sounds can improve focus and clarity [34], [36]-[38]. Analyzing these
combinations of musical features helps researchers understand how music affects the mind. This makes the
process of modeling or classifying the emotional impact of music easier. Table 4 summarizes various
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research papers that utilize feature extraction techniques and classification algorithms to analyze an
audio-based dataset. This table includes information on the types of machine learning or deep learning
algorithms used, tools and methods for feature extraction such as MFCC, and evaluation metrics such as
accuracy, precision, recall, and F1-score.

Table 3. Comparison of key features and the effects

Musical feature Indicators and the effect on mental state Studies supporting
Tempo Faster tempos enhance motivation and focus, and slower tempos enhance relaxation [16], [34], [36]-[38]
Timbre Softer tones promote relaxation and sharper tones promote focus [34], [37]
Amplitude Lower volumes calm and reduce stress [34]

Beats Steady rhythms reduce acute stress [35]

Harmonic Evokes emotions such as calmness, nostalgia, or sadness [16]

patterns

Table 4. Research paper summaries of feature extraction and classification techniques

Reference Algorithm Tools and methods Evaluation Results

[16] DNN Librosa, MFCC Confusion An overall accuracy of more than 94% was

matrix achieved by the model

[41] CNN, gated linear units (GLU), Librosa, MFCC Accuracy (%),  The highest model accuracy achieved was
recurrent convolutional neural Confusion 87%.
networks (RCNN), residual gated matrix
linear units (RGLU)

[17] Decision tree, random forest, K- MFCC, Mel Accuracy (%) Using MFCC, Mel spectrogram, and
nearest neighbors, multilayer Spectrogram, chroma features with decision tree, random
perceptron (MLP), LSTM neural ~ Chroma features forest, MLP, and K-nearest neighbors, the
network, CNNs, and CNN- model accuracy is 89.66%.

LSTM hybrid With LSTM, CNN, and CNN-LSTM
models, it achieves 85% accuracy.

[18] MLP, sequential  minimal MEFCC, Librosa Confusion The SMO model achieved an AUC of
optimization (SMO) for SVM, matrix, 0.969, an accuracy of 0.860, an F1-score of
random forest, DNN accuracy, AUC, 0.861, a precision of 0.865, and a recall of

Fl-score, 0.860. The random forest model had an

precision, recall ~ AUC of 0.987, an accuracy of 0.855, an F1-
score of 0.849, a precision of 0.863, and a
recall of 0.855. The neural network model
performed the best, with an AUC of 0.989,
an accuracy of 0.889, an Fl-score of 0.889,
a precision of 0.891, and a recall of 0.889.
[42] CNN-LSTM MFCC Accuracy Using the Million Song Dataset, the
combined audio features network classifier
achieves an audio classification accuracy of
68%, a lyrics classification accuracy of
74%, and an average multimodal accuracy
of 78%, which is better than using a single

mode.
[43] CNN, RNN MEFCC Confusion The model achieves an accuracy of 85.36%
matrix, on a 10-genre classification task. When
precision, trained and tested on the MagnaTagATune

recall, Fl-score  dataset with 18,476 29-second clips, it
achieves an accuracy of 86.06%.

[44] CNN Music emotion Accuracy (%),  The MECS models have varying results:
classification loss MECS 1 has better accuracy and lower loss
system (MECS) than MECS 2, while MECS 3 has accuracy
spectrogram results of 82.3%, 82%, and 81.6% across three
tests.
[27] LSTM-DNN MFCC Accuracy, The overall accuracy is 99.19%, using
precision, 10-fold cross-validation.

recall, F-

measure
[45] CNN MFCC Accuracy, loss  The researcher found that the recognition

accuracy of the proposed method is 92.06%.

Tables 2 and 3 show the overall comparison of the research papers and provide an analysis of the
various techniques used to classify music or audio-based classification. One of the focuses of these studies is
on the methods of feature extraction, with MFCC showing as one of the most commonly used techniques. Due
to their ability to represent audio in a way that aligns with human perception of sound, MFCCs are widely
applied in audio signal processing [46]. In audio processing, this method is crucial for transforming raw audio
into a form that is suitable for classifying emotional responses. Besides MFCC, previous researchers have also
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used methods like the Mel spectrogram and chroma features to explore the frequency and harmony of music
more closely. These techniques help them to understand the musical elements that affect emotions, helping
them to classify using machine learning or deep learning algorithms. To better illustrate these relationships,
Figure 2 presents a research mind map that summarizes the connections between feature extraction techniques,
classification models, and evaluation methods. This visualization provides a clearer understanding of how
different components work together in music-based emotion classification.

In summarized studies, classification methods often use deep learning algorithms, with CNNs being
the most common choice. CNNs are good at capturing spatial features, which makes them effective for
analyzing complex patterns in music data [47]. Because music happens over time, it often needs models that
can work with this kind of data. As a result, CNNs are often combined with LSTM networks to create hybrid
models, like CNN-LSTM, which can better understand parts of music [48]. Other deep learning algorithms,
like DNN, are also often used for their ability to capture patterns within large datasets by passing data
through multiple layers of neurons. For the same reason that CNN is combined with LSTM, DNN is
frequently combined with LSTM to handle the temporal parts of the music. RNNs are also used for their
strength in processing sequences.

More advanced models like GLU, RCNN, and RGLU are also designed to capture both spatial and
temporal features, making them versatile for detailed music classification tasks [49]. Meanwhile, MLP is
used as a simpler, fully connected neural network, and although they don’t specialize in sequential data, they
are still applied for certain types of music classification to analyze the data [50]. These models are evaluated
using different measures, like accuracy, precision, recall, and the F1-score, to ensure that the classification is
reliable. Some studies also take a multi-modal approach by combining audio and lyrics, which helps to give
more understanding of how different aspects of music influence emotion.

[ F Measure ] { Confusion Matrix ] [ Precision ]
[18], [27], [43] [16]. [18]. [41], [43] [18], [43]. [27]

h
Loss Accuracy AUC Recall
[44], [45] [17], [18], [41], [42], [44], [18] [18], [27], [43]
h 4T A

A [45
CNN
[17], [41],[43], [44], [45]

[ ‘ l CNN+LSTM
Tempo Evaluation [17], [42]
18], [34], [36], [37), [38] %\J :
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Timbre 271
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Musical p B .
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Amplitude Deep Learning Approaches
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[44]
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[42], [43], [44], [45]

Figure 2. Research mind map

3.2. RQ2: what are the most common and effective feature extraction methods for classifying the
impact of classical music on mental health?

Based on the research summaries in Table 3, it is evident that the most common and effective feature
extraction method used for classifying audio is MFCCs. In almost all of the studies, MFCC is used as
the feature extraction method. MFCCs can effectively extract audio features like timbre, pitch, and rhythm
[19], [20]. Its effectiveness is also demonstrated in numerous studies, where models using MFCC consistently
achieve high accuracy. For example, in the study that uses LSTM-DNN for music emotion recognition, MFCC
helped the model to reach an accuracy of 99.19%. Besides MFCC, other feature extraction methods, such as
the Mel spectrogram and chroma features, are also used, but less frequently. Mel spectrogram and chroma
features are also used in studies, combining them with advanced deep learning models like CNN and CNN-
LSTM. The Mel spectrogram emphasizes change over time, which is useful for music classification, while
chroma captures the pitch and the harmonic content [51]. These methods provide additional representations of
the audio’s frequency and harmonic structure, further enhancing the classification process. The combination of
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these features with deep learning algorithms significantly enhances the accuracy and effectiveness of models
aimed at assessing the emotional and therapeutic effects of classical music.

3.3. RQ3: what deep learning algorithms are most effective for classifying the therapeutic effects of
classical music?

Table 5 shows that the studies use several deep learning algorithms, but CNN are shown as one of the
most commonly used for music classification. CNNs, which are usually used for image and pattern recognition
tasks [52], adapt well to music classification by identifying complex, hierarchical patterns within the audio
features extracted from the music [53]. In several studies, CNNs have been used both as standalone models and
in combination with other architectures such as LSTM networks, which are particularly good at handling time-
sequenced data [54]. Although CNNs are the most commonly used, it is shown that CNN, as a standalone
model, only reaches 92.06% accuracy. The hybrid model CNN-LSTM approach has been shown to achieve
results with an overall accuracy of 85%, not as high as LSTM-DNN, which reaches an accuracy of up to
99.19%. Other deep learning algorithms, such as MLP and RNN, also demonstrate good performance, but CNN
and DNN-based algorithms generally achieve higher accuracy, making them the preferred choice for music
classification tasks. It concludes that CNN-LSTM models are usually used for audio-based classification, even
though their accuracy varies across studies, but LSTM-DNN has proven to have the highest accuracy.

Table 5. Comparison of deep learning accuracy algorithms

Algorithms used Accuracy (%) Studies reference
DNN 94 [16]
CNN, GLU, RCNN, RGLU 87 [41]
MLP, LSTM neural network, CNNs, and CNN-LSTM hybrid 89.66, 85 [17]
MLP, DNN 88.9 [18]
CNN-LSTM 68 [42]
CNN, RNN 86.06 [43]
CNN 82.3 [44]
LSTM-DNN 99.19 [27]
CNN 92.06 [45]

3.4. RQ4: what methods are employed for evaluating the performance of deep learning models in
audio-based classification?

Researchers commonly use accuracy metrics alongside other evaluation techniques to
comprehensively assess the performance of deep learning models in audio-based classification. Accuracy
(%) is the most frequently used metric, indicating how accurately the model's predictions match the true
classification outcomes [55]. However, models are often further evaluated using a confusion matrix, which
provides insight into specific prediction errors across different classes. Besides accuracy, other metrics like
precision, recall, F1-score, and area under the curve (AUC) are often used to evaluate how well a model can
classify [56]. Precision measures the accuracy of positive predictions, while recall assesses the model's
effectiveness in detecting all of the true positive cases. The F1-score combines precision and recall into one
value, which makes it useful when there is an uneven number of classes. AUC, on the other hand, measures
how well the model separates the classes at different thresholds, with higher AUC meaning better
performance [57]. One of the reviewed studies employs cross-validation techniques, such as 10-fold cross-
validation, to ensure that the model’s performance is not biased by any particular subset of the data [58].

It is found that not all evaluation methods work effectively in all contexts. Even though accuracy is
commonly used, it can be misleading with imbalanced data, where one class is much more common than the other.
In that case, a model might seem accurate while missing important predictions for smaller classes. This is when
precision, recall, and F-measure can be used effectively because the F-measure balances precision and recall.

From all of the findings, it is concluded that CNN, DNN, and LSTM algorithms can really be used to
classify the therapeutic effects of classical music on mental health effectively. These models can be designed
to analyze audio data to reveal how different musical elements influence emotions and mental states. CNNs
are good at recognizing patterns like rhythm and tone, while the combination of CNNs and LSTM allows for a
deeper understanding of how music is over time. DNNs can discover complex patterns in large datasets. Using
MFCC:s as a feature extraction method is beneficial, incorporating features like chroma or spectral contrast can
enhance the model's ability to understand important aspects of music, such as harmony and tonality. The
results from various studies support the idea that these methods can effectively classify the impact of classical
music or its therapeutic effects on mental health. By not only focusing on accuracy but also considering
metrics like Fl-score, accuracy, and receiver operating characteristic (ROC)-AUC, researchers can create
more reliable models that accurately assess the mental health benefits of classical music.
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4. CONCLUSION

This systematic literature review highlights key elements and methods used in classifying the effects
of music, particularly classical music, on mental health. Musical features such as tempo, timbre, amplitude,
and harmonic patterns significantly influence emotional and cognitive states, with faster tempos and brighter
timbres boosting alertness, while slower tempos and softer tones affect relaxation. For feature extraction,
MFCC is the most commonly employed and effective method. CNN and hybrid DNN-LSTM models are
identified as the most effective for classifying music’s therapeutic effects, achieving high accuracy. To assess
these models, evaluation methods like accuracy, confusion matrices, and metrics such as precision, recall,
F1-score, and AUC are used with cross-validation. These findings point to the importance of both musical
features and advanced deep learning methods in studying music's impact on mental health. This review
highlights useful approaches, but there are some limitations. Deep learning models often need a lot of data,
but finding enough research papers on classical music’s therapeutic effects is challenging. Also, many studies
focus on general music features and might miss the specific therapeutic qualities of classical music. Future
research could help by reviewing more papers that explore these unique therapeutic features. It could also
look into using these models in real-time, especially in clinical settings where quick responses are needed.
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