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1 Introduction 
 
A configuration manual provided below provides the step by step instructions of installing, 

running and validating the experiments conducted in the research project of which the title is: 

 

A Multi-Modal AI Framework for Emotion-Aware Music 

Recommendation and Mental Health Signal Detection through 

User Listening Behaviour 

 

This guide is geared towards ensuring that such models and visualizations incorporated are 

fully reproducible. It introduces the conditions of software and hardware environment, 

dataset preparation, training of the model, and evaluation. Each of the sections is directly 

connected with the blocks of Jupyter Notebook implementation which are used during the 

course of the experiments. 

 

The project is a combination of three fundamental modalities -the acoustic properties (of the 

Million Song Dataset), Embeddings of lyrical sentiment (via Genius lyrics), and 

Last.fm user listening behaviour measurements (Last.fm). 

 

It has prepared and tested four machine-learning models: 

1. Text-only baseline Logistic Regression (TF-IDF): Text-only lyrical sentiment 

classification. 

2. Random Forest (Multimodal): acoustic, behavioural and lyrical embeddings. 

3. LSTM Behaviour Drift Model: Forecasting of emotional shifts of users in 

series. 

4. Fusion Meta-Model: This is whereby all the models are incorporated and the 

final affect-aware recommendation is made. 

 

SHAP-based explainability, gradient analysis and Galaxy-type recommendation mapping 

visualizations are also part of the system. The manual is a comprehensive technical guide to 

the environment, script running, and validation of the final evaluation report. 

 

2 Deployment Environment 

2.1 Hardware and Operating System 

The experiments were performed using a regular personal laptop so that all the multimodal 

music-emotion recognition pipeline may be replicated without any specialised hardware. 

Development, preprocessing, embedding generation, model training, and evaluation were all 

done on 13-inch MacBook Air (2025) with a unified memory of 16 GB, which was capable 

of processing the subset of Million Song Dataset, the logs of Last.fm, and the Genius lyrics 
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corpus; it could also train all machine learning and deep-learning systems used in the study. 

The project was run on the macOS Tahoe 26.1 that has native optimisation of Python, 

PyTorch, and Apple Metal Performance Shaders (MPS). Though equipped with no dedicated 

GPU, the Apple M4 Neural Engine and MPS backend provided support on a hardware 

accelerated implementation of deep-learning models like the LSTM behaviour-drift network. 

Each of the classical models (Logistic Regression, Random Forest, and the Fusion meta-

learner) could be trained effectively on the CPU and, therefore, the entire pipeline can be run 

on a typical consumer machine without any particular computational hardware. 

 

                                                      
                                                Fig 1: Device Specification 
 

 

2.2 Software Environment  

Python (3.10.13): 

The entire data processing, multimodal feature engineering, training of models, explainability 

analysis and generation of recommendations was done in Python. Pyenv was used to manage 

the environment to achieve reproducible configurations of packages. 

Jupyter Notebook: 

The main development interface was Jupyter Notebook, which was used to run pipeline 

stages of the preprocessing process, exploratory data analysis, train the Logistics Regression, 

random forest, LSTM and fusion models, and produce visual analysis of the data as confusion 

matrices, drift overlays and SHAP feature importance graphs. 

Dataset Sources: 

The project unites three publicly available datasets, all of which were acquired in official 

open-data repositories used extensively in music information retrieval studies: 

 Million Song Dataset (MSD):Gives audio descriptors including tempo, loudness and 

length.Accessibility: http://millionsongdataset.com/ 

 Last.fm 1K User Listening Data:Stores user listening logs needed to obtain plays, 

recency, unique-user counts, freshness of session and sequence behaviour patterns. 

Public access: https://zenodo.org/records/6090214/files/lastfm-dataset-

1K.tar.gz?download=1 

 Genius Lyrics 20K Dataset: The lyrical data used in this project was obtained through 

the official Genius API - https://docs.genius.com/ , where song lyrics were fetched 

programmatically using authenticated API requests. The dataset was created solely 

from publicly available lyrics for research purposes, ensuring ethical and 

reproducible data sourcing. 

 

 

 

 

http://millionsongdataset.com/
https://zenodo.org/records/6090214/files/lastfm-dataset-1K.tar.gz?download=1
https://zenodo.org/records/6090214/files/lastfm-dataset-1K.tar.gz?download=1
https://docs.genius.com/
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3 Implementation 
 

3.1 Import libraries  

The pip command was used in the command line to install all Python libraries needed to 

process, model and visualise data used in the project, they included data preprocessing, 

multimodal modelling, explainability and recommendation visualisation. 

• NumPy – numerical computation and array handling. 

• Pandas – data loading, cleaning, transformation and merging. 

• Scikit-learn – TF-IDF, Logistic Regression, Random Forest, evaluation metrics. 

• PyTorch – LSTM sequence modelling for behavioural drift. 

• Sentence-Transformers – BERT-based lyrical embeddings. 

• RapidFuzz – fuzzy matching across Genius, MSD and Last.fm datasets. 

• Matplotlib & Seaborn – evaluation plots and model visualisations. 

• Plotly & NetworkX – interactive Mood–User–Song galaxy network. 

• SHAP – model interpretability for Random Forest. 

3.2  Loading the Dataset  

The multimodal dataset was built by loading three main data, the Million Song Dataset 

(MSD) of acoustic features, the Last.fm 1K datasets of user listening behaviour, and Genius 

lyrics corpus of textual data. Data were imported in Python and loaded in DataFrames with 

specific scripts which retrieve audio metadata, behavioural logs and raw lyric text to 

preprocess afterwards. 

   

    
Fig 2: Loading Million Song Dataset                                                      Fig 3: Loading genius dataset 

 

 
 Fig 4: Loading last.fm user Behaviour logs 
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3.3 Preprocessing  

The preprocessing stage prepares all three modalities by cleaning, normalising, and 

restructuring their raw inputs. MSD audio features are filtered and scaled for consistency, 

Last.fm behavioural logs are aggregated into usable engagement metrics, and Genius lyrics 

are cleaned to remove noise and produce machine-readable text. These steps ensure that all 

modalities are aligned and ready for feature engineering and model training. 

 

  
Fig 5: Cleaning & Normalising MSD data.     Fig 6: Aggregating last.fm user behaviour 
 

 
 Fig 7: Cleaning and normalising lyrics text 
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3.4 Feature Engineering  

Each of the modalities performed the task of feature engineering to convert the raw input into 

structured machine-learning features. The encoding of lyric data was done by BERT sentence 

embeddings and encoding of audio signals into an arousal score based on tempo and 

loudness. The logs of user behaviour were refined into engagement scores and fuzzy 

matching was done to properly match the songs in the three datasets. The valence, arousal, 

engagement, and final mood category supervised labels were produced after the merging of 

the modalities. The resulting multi-mod dataset was divided into training and testing 

partitions to enable further model training. 

 

  

Fig 8: BERT sentence embeddings for lyrics           Fig 9: Audio energy → arousal score 

  

Fig 10: Behavioural engagement features          Fig 11: Fuzzy matching across modalities 
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3.5 Model Training  

3.5.1 Logistic Regression (TD – IDF) 

 

To set a text-emotion baseline, the Logistic Regression model is trained using TF-IDF 

features that are derived using cleaned lyrics. The model is fitted using a L2 regularisation 

and LBFGS solver, where clf.fit(Xtrain, ytrain) is used to generate predictions for valence. 

 

                                

                                             Fig 12: Logistic Regression Training 

3.5.2 Random Forest (Multimodal) 

Random Forest model is trained on the fused multimodal feature set, comprising of audio, 

lyrical embeddings and behavioural signals. The model is  fitted with tuned hyperparameters 

(depth, estimators, splits) by rf.fit( X train, ytrain ) to give robust predictions on mood-

classification. 

                                       

                                                     Fig 13: Random Forest Training  
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3.5.3 LSTM Behaviour Drift 

The LSTM model is trained on sequential user-behaviour features of the Last.fm in order to 

identify the point at which an engagement pattern of a track starts to change over time. The 

temporal dependencies are modeled using a sliding-window sequence approach where the 

network is able to pick up on the increasing or decreasing trend in listening. 

                                 

                                                    Fig 14: LSTM drift modelling 

3.5.4 Fusion model (RF + LG + LSTM) 

The fusion model integrates the forecast of the Random Forest, Logistic Regression (TF-IDF) 

and the LSTM drift model to form a unified meta-learning algorithm. These multimodal 

signals are normalised, combined and fed into an MLP classifier which learns more complex 

decision boundaries. 

 

                                   
 
                                                      Fig 15: Fusion Model Training  
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3.6 Explainability (SHAP + Gradient) 

The methods of explainability were applied to gain an insight into why the models made 

particular predictions. SHAP values were employed to determine the contribution of audio, 

lyrics, and behavioural features in the Random Forest classifier. In the case of the LSTM drift 

model, the gradient-based sensitivity analysis has determined which behavioural signals 

(plays, users, freshness) had the most impact on drift detection. These methods have provided 

transparency and interpretability to both the traditional and deep-learning elements. 

 

  

Fig 16: SHAP explainability for Random Forest.         Fig 17: Gradient explainability for LSTM 

3.7 Analysis — Model Comparison & Performance Summary 

 

All models were assessed based on the results of their saved accuracy, F1-scores, and cross-

validation metrics by automatically loading them. These are the Logistic Regression base, the 

multimodal Random Forest, the LSTM drift detector and the last Fusion Meta-Model. An 

integrated performance table and bar-chart visualisation are created to provide an easy 

understanding on the best model to be used and the Fusion approach had the best overall 

accuracy. 

 

  

Fig 18: Model Comparison analysis                                   Fig 19: Bar-chart comparison visualisation  
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