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Methods
In this investigation, we create a functional 
abstract model of the neuroanatomical 
pathways involved in evaluating auditory 
stimuli to emotion effects. We model the 
cochlea and initial auditory processing using 
a Short-Term Fourier Transform (STFT). The 
STFT emulates the anatomical network of 
the cochlea by transforming the audio by 
the frequencies and amplitudes present in 
the stimuli. This initial processing of the 
audio yields a spectrogram of the STFT.

The auditory cortex, amygdala, OFC, VLPFC, 
and rVLPFC are then modeled with the use 
of a deep learning neural network, 
specifically the libraries tensorflow and 
keras. To emulate aspects of these 
neuroanatomical networks and their motifs, 
we utilize the Convolutional Neural Network 
(CNN) Xception, and various types of 
activation, dense, comparison layers and 
the like. The network is then trained on a 
Quadro RTX 4000 equivalent through 
indirect supervised learning with the rated 
audio database Ryerson Audio-Visual 
Database of Emotional Speech and Song 
(RAVDESS) using the 8 emotional categories 
Angry, Calm, Disgust, Fearful, Happy, 
Neutral, Sad, and Surprise.
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● Results are comparable to empirical 

data and previous studies

○ Figure 3a shows valence and arousal 

levels

○ Compare experimental results of 3a 

with published data in 3b and 3c, 

which provide a discrete area of each 

emotion in the valence-arousal space 

that follow those of empirical data

● The known anatomical motifs and 

connections of the theory of 

constructed emotion were utilized in 

the model

○ The results therefore provide further 

credibility to constructed emotion 

theory

● The model is generalizable to other 

auditory stimuli and usable in big-data 

investigations

● Future implications:

○ Provide emotional auditory 

processing for people with auditory 

disabilities

○ Studies involving auditory processing 

across different populations

○ Artificial Intelligence with emotional 

intelligence

Figure 2. Learning curve of model in categorical accuracy across 100 epochs

The model successfully learns through the indirect supervised learning. This is 
evidenced by the plateauing of the accuracy shown in Figure 2 and the high final 
categorical accuracy of 0.9655485.

Figure 3. (a) Model output in Valence–Arousal dimensions; scalar values translate to low to high valence and high to 

low arousal (b) Approximation of emotions in 2D valence-arousal emotion space proposed by Russell 1980 (c) 

Emotions in 2D valence-arousal emotion space from an empirical study

a.

b. c.

The model outputs the 8 categories of emotions considered in this investigation 
(Angry, Calm, Disgust, Fearful, Happy, Neutral, Sad, and Surprise) in clear areas 
within the valence-arousal space. To objectify the uniqueness of the emotions in 
the valence-arousal space, we run a one-way analysis of variance test (ANOVA) for 
both valence and arousal. For the ANOVA test, we get a F-critical value of 
2.013742036 and 2.013742036 for valence and arousal respectively, yielding a 
p-value of effectively 0, making the difference statistically significant.

We compare the output of our model in the valence-arousal space to other 
studies. Russell's 1980 investigation of emotional theory provide an 
approximation of discrete emotional categories in the valence-arousal space 
presented in Figure 3b. Note that positive emotions, neutral emotions, and 
negative emotions share a similar distribution through the valence scale. Figure 3c 
presents the area discrete emotional categories occupy in the valence-arousal 
space.from empirical data. Note the relationship of emotional categories 
considered in this investigation relative to each other in comparison to the 
empirical data (e.g. Anger, Fear, and Disgust, Happiness and Calm, and other 
relative similarities). This similarity underlines the significance of the axis in the 
model.
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Introduction
A variety of sensory stimuli engage 
emotional circuits in the brain. Sensory 
representations are integrated with 
socio-emotional relevance (Figure 1) to 
guide our cognitive behavior. 
Exactly how different neuroanatomical 
regions interact during this process 
remains unknown.

Figure 1. Emotional processing of auditory stimuli

Two theoretical frameworks try to explain 
the nature of sensory-emotion 
interactions:
1) discrete emotion theory: specific core 

emotions have biologically determined 
emotional responses

2) constructed/continuous emotion 
theory: scalar valuations of stimuli guide 
emotional responses

Arousal and valence are useful features to 
describe sensation-induced emotional 
responses that measure the level of 
intensity (less vs. more important)  and 
attractiveness (positive vs. negative),  
respectively.

Neural networks are useful to model and 
understand networks of neurons involved 
in auditory-emotional processing. 

We utilized the hypothesis of constructed 
emotion theory with the dimensions 
valence and arousal.
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