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I. ABSTRACT 
Artificial Intelligence (AI) has become essential across 
domains, excelling in classification, regression, clustering, 
and optimization [1]. However, the opacity of traditional AI 
models, particularly in Speech Emotion Recognition (SER), 
highlights the need for greater explainability [1]. This 
research advances Explainable AI (XAI) by developing SER 
models [2], [3]. It integrates insights from a Literature 
Review, enhances human-centered XAI methods, and utilizes 
18 features for analysis. A feature range metric assesses 
model performance and explanation quality [4], contributing 
to a more transparent and interpretable AI framework for 
SER. 

A. Introduction 
Artificial Intelligence (AI) has increasingly influenced 

various domains, including healthcare, defense, and 
governance [1], [5], [6]. However, the opacity of AI models, 
particularly in Speech Emotion Recognition (SER), raises 
concerns about accountability and user trust [1]. Traditional 
AI functions as a black box, often failing to explain its 
decisions, especially regarding crucial "wh" questions like 
why, when, and where [7]. 

Explainable AI (XAI) addresses these challenges by 
enhancing transparency and interpretability in AI systems [1], 
[4]. This research focuses on SER, emphasizing the need to 
understand AI-driven decisions [8]. Using Artificial Neural 
Networks (ANN), Random Forest, Support Vector Machine 
(SVM), XGBoost, and k-Nearest Neighbors (k-NN), we aim 
to improve explainability in SER [2], [3]. The need for this 
research arises from the limitations of conventional AI models 
in explaining their decision-making processes [7]. As voice 
assistants like Alexa and Siri rely on audio waveform-based 
classification, enhancing XAI in SER is increasingly 
important [1]. Virtual agents further highlight the necessity of 
explainability and visual representation to foster user trust [1], 
[5]. This study follows a structured methodology, beginning 
with a comprehensive Literature Review on XAI in SER [9]. 
It then focuses on improving human-centered XAI methods, 
designing interpretable models, defining evaluation metrics, 
and documenting findings [2], [3]. By integrating 
explainability into AI-driven SER, this research aims to 
enhance transparency and accountability in voice-based 
applications using a value matrix [8]. 

B. Literature Review 
Explainable Artificial Intelligence (XAI) enhances the 

interpretability of Speech Emotion Recognition (SER) 
systems. SHAP (SHapley Additive Explanations) and LIME 

(Local Interpretable Model-agnostic Explanations) provide 
transparent insights into model decisions [9]. SHAP’s 
foundation was established by Lundberg and Lee [9], while 
Ribeiro et al. introduced LIME for local interpretability [10]. 
These techniques build on Ekman’s work on emotional 
expressions [11] and support various SER models, including 
Han et al.'s Explainable Enhanced Recurrent Neural Network 
(ERNN), which optimizes LSTM hyperparameters using 
fuzzy logic [4]. Research explores diverse feature sets, such 
as MFCC (achieving 98.75%-100% accuracy in isolated 
speech recognition [12]) and multimodal audio-visual 
approaches [4]. By addressing the black-box nature of models 
like bidirectional LSTMs [13], XAI fosters trust and 
improves SER applications, from stress detection [4] to 
deception analysis [14]. 

B. Materials and Methods 
The methodology followed four sequential steps. First, a 

comprehensive literature review established the state of XAI 
in voice embedding for speech emotion recognition, 
identifying research gaps. The Ryerson Audio-Visual 
Database of Emotional Speech and Song (RAVDESS) was 
used, comprising 1440 recordings from 24 actors expressing 
seven emotions at varying intensities (calm, happy, sad, 
angry, fearful, surprise, and disgust). This academically 
certified dataset (Livingstone & Russo, 2018) ensured 
research reliability. 

Next, feature extraction involved systematically deriving 
18 acoustic features, including temporal, spectral, and 
perceptual characteristics. Key features—loudness, zero- 
crossing rate, tempo, speaking rate, pitch, spectral contrast, 
MFCCs, chroma, harmonic/percussive components, spectral 
rolloff, and log mel spectrograms—were selected for 
comprehensive signal representation, robustness, and 
relevance to emotion/speaker identification. 

The third phase trained multiple machine learning 
models: ANN, Random Forest, SVM, XGBoost, and k-NN. 
Preprocessing included MinMaxScaler normalization, an 
80:20 stratified train-test split, and SMOTE for class balance. 
Hyperparameter tuning was performed using GridSearchCV 
with 5-fold cross-validation to optimize generalization. 

Finally, explainability was incorporated using LIME and 
SHAP. Feature importance was calculated for test-set 
samples, aggregated to avoid bias, and analyzed through 
statistical measures (minima, maxima, means, and standard 
deviations). This framework identifies emotion-specific 
acoustic signatures, enhancing interpretability. The study 
demonstrates how explainability strengthens voice-based 
emotion recognition, fostering trust for applications in 
healthcare, customer service, and human-computer 
interaction. 
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C. Results and Discussion 
Below tables and graph are related to selected models and 

given results with model accuracy and XAI finalized results 

 
Table 1: Selected model with best parameters 

 
Graph 1: Accuracy	 Graph 2: Loss 

 
Table 2: Random Forest	 Table 3: SVM 

 

Table 4: XG Boost	 Table 5: k-NN 
 

Table 6: ANN 
 

Table 7: Selected important features and value range 

This study evaluated feature importance in speech emotion 
recognition by selecting SVM and ANN based on model 
accuracy, followed by applying LIME and SHAP to 
interpret their decision-making processes. The top-ranked 
features for each emotion were determined by aggregating 
results from both explainability techniques, as presented 
in Table 7, along with their corresponding value ranges. This 
analysis identified critical acoustic thresholds—such as pitch 
variance for anger and spectral rolloff for happiness—that 
consistently influenced emotion classification. The findings 
demonstrate that certain features (e.g., MFCCs for sadness, 
zero-crossing rate for fear) exhibit robust importance across 
models and explanation methods, providing a statistically 
grounded framework for interpretable SER systems 

D. Conclusion 
This research significantly advances Explainable Artificial 

Intelligence (XAI) in Speech Emotion Recognition by 
introducing the Value of Feature Range's Metric, which 
quantifies feature importance across multiple models (k-NN, 
Random Forest, SVM, XGBoost, and ANN) and employs 
both LIME and SHAP analysis techniques to bridge the gap 
between model performance and interpretability. Through 
comprehensive analysis of 18 acoustic features from an mp3 
dataset containing seven emotional labels, the study 
establishes a transparent framework that enhances human 
understanding of AI decision-making processes and provides 
statistical context for model predictions, ultimately creating 
more trustworthy and interpretable emotion recognition 
systems. 
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