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Abstract

Neural oscillations are the rich source to understand cognition, perception, and
emotions. Decades of research on brain oscillations have primarily discussed neu-
ral signatures for the western classification of emotions. Despite this, the Indian
ancient treatise on emotions popularly known as Rasas has remained unexplored.
In this study, we collected Electroencephalography (EEG) encodings while partic-
ipants watched nine emotional movie clips corresponding to nine Rasas. The key
objective of this study is to identify the brain waves that could distinguish between
Rasas. Therefore, we decompose the EEG signals into five primary frequency
bands comprising delta (1-4 Hz), theta (4-7 Hz), alpha (8-13 Hz), beta (13-30
Hz), and gamma (30-45 Hz). We construct the functional networks from EEG
time-series data and subsequently utilize the fourteen graph-theoretical measures
to compute the features. Random Forest models are trained on the extracted fea-
tures, and we present our findings based on classifier predictions. We observe slow
(delta) and fast brain waves (beta and gamma) exhibited the maximum discrimi-
nating features between Rasas, whereas alpha and theta bands showed fewer dis-
tinguishable pairs. Out of nine Rasas, Sringaram, Bibhatsam, and Bhayanakam
displayed the most distinguishing characteristics from other Rasas. Interestingly,
our results are consistent with the previous studies, which highlight the signifi-
cant role of higher frequency oscillations for the classification of emotions. Our
finding on the alpha band is consistent with the previous study, which reports
the maximum similarity in brain networks across emotions in the alpha band.
This research contributes to the pioneering work on Indian Rasas utilizing brain
responses.

Keywords: EEG, Emotion, Classification, Natyashastra, Rasa Clips, Random For-
est, wPLI, Graph Theory

1 Introduction

Our emotions affect our daily lives in many ways and they contribute to cognitive
processes such as perception, attention, and decision-making. Films engage viewers
through experiences by capturing their attention and stimulating perception, cogni-
tion, and emotion. The grasp on the audience’s attention and generating certain kinds
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Figure 1: The nine dimensional classification of emotions as described
in Natyashastra (Indian Rasa Theory): The figure on the left depicts fa-
cial expressions corresponding to nine different Rasas. In the table we give
closest English translation of these Rasas, and the corresponding dominant emo-
tional state (or Sthayi Bhava) also with the meaning in English. (Image source
:https://www.youtube.com/watch?v=sSdMUaF3-18)

of emotions are driven by the structure of audio-video placement in a Film. A neu-
rocinematics study explores different brain processes and mental states while watching
movies. In line with this, neuroaesthetic is the field that involves the study of aesthetic
processing in the brain while watching a structured video pertaining to a set of emo-
tions. Aesthetic components of audio-video stimuli evoke various emotions in our daily
lives.

The previous studies in neuroaesthetic are mostly based on the western classifica-
tion of emotions. Several such categorizations of emotions have been discussed in the
literature. Ekman discusses the six basic emotions including anger, disgust, fear, joy,
sadness, and surprise [1], besides another six categorizations comprising desire, love,
sorrow, wonder, happiness, and interest [2, 3]. Tomkins et al. [4] in their approach
to emotion, describe nine basic emotions including anger, contempt, disgust, distress,
fear, interest, joy, shame, and surprise. The cognitive structure of emotions has also
been discussed in further 22 forms. In this study, we present our work on the Indian
categorization of emotions into nine classes as described in ‘Natyashastra’: a treatise
on performing arts. These nine dimensions of emotions correspond to the nine Rasas
(aesthetic impact of an artwork). We study these Rasas as evoked via watching audio-
visual entertainment (movie clips) through Electroencephalographic recordings. A Rasa
describes a state of mind to indicate emotion.

This study recorded Electroencephalography (EEG) responses while participants
were watching movie clips depicting nine Rasas. EEG has been a principal tool for
brain research because it reflects electrophysiological activity that is representative of
brain function and EEG recording can be conducted at a relatively low cost with high
temporal and useful spatial resolution [5]. EEG signals produce high-resolution images
of neural oscillations, which opens several ways to study the human brain, from treating
mental disorders to understanding emotions. For example, to study the brain processes
involved during happy or sad emotions, participants can view emotional images while
recording their brain activity [6]. This opens the research avenue to explore different
emotional processes based on the stimuli. EEG signals represent synchronized electrical
pulses from masses of neurons interacting with one other. Brain rhythms are primarily
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Figure 2: Brain rhythms depict the primary five waveforms: The figure shows
various frequencies present in the EEG signal. Delta band (1 - 4 Hz) depicts lowest
frequency waves, followed by theta band (4 - 7Hz), alpha band (8 - 13 Hz), beta band
(13 - 30 Hz) and gamma band (30 - 45 Hz).

divided into five frequency bands, differentiated via their morphological and functional
aspects. These are majorly classified into five frequency bands: delta (1-4 Hz), theta (4-
7 Hz), alpha (8-13 Hz), beta (13 - 30 Hz), and gamma (30-45 Hz). Figure. 2 displays
the five brain rhythms.

Brain waves are the windows to understanding cognitive functions and their under-
lying brain processes. The morphology of EEG signals encodes complex properties and
patterns, which can be decoded to connect previous knowledge to new ones to get more
depth of brain processes. Slow to fast brain rhythms have been discussed widely span-
ning numerous domains of cognitive neuroscience. Delta rhythm (1-4Hz) is the slowest
and strongest brainwave and is usually associated with the deepest form of dreamless
sleep. Theta waves (4-7Hz) are observed in deep meditation and relaxation. Alpha band
(8-13 Hz) is associated with relaxation or calmness, and alertness. Beta band (13-30
Hz) is marked by the state of wakefulness/consciousness, observed when performing any
cognitive tasks (eg: problem-solving, decision making, etc). Gamma frequencies (30-70
Hz and above) are the fastest brainwaves, correlated with long-range neuronal commu-
nication, and facilitating the neural mechanisms underlying attention [7–10]. Previous
studies on emotions highlight the discussion on frequency bands. Gamma band is ultra-
fast brain waves identified to play an important role in human emotions [6,11]. Gamma
band is shown to find the differences between happy and sad emotions [12]. Beta bands
are indicated for identifying three emotions: positive, neutral, and negative [13, 14]. A
recent study finds the significance of beta and gamma bands in the discrimination of
low/high valence, low/high arousal [15]. A study of event-related oscillations involv-
ing event-related synchronization/desynchronization has discussed the role of the slow
(delta) waves in emotional processing in the passive viewing of emotionally evocative
pictures [16].

In recent years, complex network theory has gained popularity [17], researchers
have shown that EEG can be used to build brain networks and the resulting networks
show a number of important topological traits [18]. A functional connection in the
brain is defined typically as the temporal correlation between remote neurophysiolog-
ical events [19]. Brain activities require interactions among multiple brain regions.
Emotional processing requires the cooperation of many brain regions, as it is a high-
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level cognitive function [20]. The study of brain activity mechanisms often relies on
brain networks, which depict relationships between brain regions and information ex-
change between them [21, 22]. Using functional connectivity, Zhang and colleagues
identify the interaction of the prefrontal area to most other areas in emotional process-
ing [23]. Gamma waves (30–48Hz) form more dense connections during the negative
and neutral valences than beta waves (12–30Hz) with specific sites of right frontal and
parietal-occipital regions [24]. According to previous research, functional connectiv-
ity measurements based on EEG data effectively generate the representation that may
depict neural signatures for different emotional states.

Furthermore, functional connectivity has been studied widely by various graph the-
oretical measures, which reveal crucial topological features of the brain network [25].
Graph theoretical analysis of human brain networks has been utilized in a variety of
imaging modalities, including EEG/MEG, functional MRI, diffusion MRI, and struc-
tural MRI [26]. The impact of emotional stimuli on large-scale functional brain networks
can be measured through the evaluation of parameters such as centrality and global
efficiency [6, 27]. Other network properties such as modularity, node betweenness cen-
trality, clustering coefficient, and the existence of highly connected hub regions have
been consistently discussed in the EEG studies [18, 26, 28]. Several network measures
are explored to identify the characteristics of emotional states. Alpha frequency has
been found to have the closest community structure across nine emotions [29]. Another
study discussed that the clustering coefficient is higher in the left anterior regions of
the negative emotions than positive groups [30].

Evidence from previous studies strongly suggests that functional connectivity of dif-
ferent frequency bands preserves significant network topology, which may be employed
to classify emotions. In line with these findings, we extract network features from
EEG responses for classification between Rasas. Our work is motivated to answer the
research question that the brain responses of each Rasa possess features that may be
indistinguishable and distinguishable to one other in the frequency band. The following
are two primary objectives of this research.

1. Identification of frequency bands that reflect maximum indistinguishable and dis-
tinguishable relationship between Rasas.

2. Identification of distinguishable and indistinguishable Rasa pairs.

To the best of our knowledge, this is the first work incorporating five frequency bands
and fourteen network features for the classification of Indian Rasas from brain responses.
This article is organized in seven sections: a) Introduction a) The Natyashastra and
Rasas c) Data description and pre-processing d) Methodology e) Results f) Discussion
and Conclusion g) Limitations and future scope.

2 The Natyashastra and Rasas

The ’Natyashastra’, the ancient Indian treatise on performing arts, which dates back to
the 2nd century AD, provides a major basis for the Indian system of categorizing emo-
tional states [31]. In the Natyasastra, sentiments referred to as Rasas (pg. LXXXVI:
[32]) are considered as superposition of certain dominant states (sthayi bhava), transi-
tory states (vyabhicari bhava), and temperamental states (sattvika bhava) of emotions
(pgs. 102, 105: [32]). There are eight Rasas in classical Indian performing arts which
are: Sringaram (erotic), Hasyam (comic), Karunayam (pathetic), Raudram (furious),
Veeram (heroic), Bhayanakam (terrible), Bibhatsam (odious), and Adbhutam (mar-
vellous). A later addition to the Sanskrit poetic tradition is a ninth sentiment called
Santam (peace) (pg. 102: [32]). The facial expressions and the dominant state corre-
sponding to each of these Rasas is depicted in Fig. 1 We based our selection of movie
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Table 1: Movie clips used in EEG data collection
Movie Rasa Film Director Year Duration Start End
ID genre name time time
1 Adbhutam Mr. India Shekhar Kapur 1987 1m 48s 1h 1m 40s 1h 3m 28s
2 Bhayanakam Bhoot Ram Gopal 2003 1m 34s 1h 2m 57s 1h 4m 31s

Varma
3 Bibhatsam Rakhta Ram Gopal 2010 1m 12s 43m 55s 45m 7s

Charitra Varma
4 Hasyam 3 Idiots Rajkumar Hirani 2009 2m 33s 59m 55s 1h 2m 28s
5 Karunayam Kal Ho Naa Ho Nikhil Advani 2003 2m 37s 2h 47m 41s 2h 50m 18s
6 Raudram Ghajini A.R. Murugadoss 2008 2m 9s 2h 38m 43s 2h 40m 52s
7 Santam Zindagi Na Zoya Akhtar 2011 2m 22s 48m 22s 50m 44s

Milegi Dobara
8 Sringaram Umrao Jaan Muzaffar Ali 1981 42s 43m 08s 43m 50s
9 Veeram Lagaan: Once Ashutosh 2001 2m 3s 2h 10m 57s 2h 13m

Upon a Time Gowariker
in India

clips on this classification system and chose ones that correspond to each Rasa. In light
of the fact that there are no defined movie clips for this classification system, the movies
we selected represent one set of selections.

3 Data Description

The Institute Ethical Committee (IEC) of Indian Institute of Technology, Gandhinagar
approved this study. Prior to conducting experiments, all of the participants provided
informed consent.

3.1 Subjects

The study involved 20 healthy (mean age: 26 years, 4 females), right-handed students
from Indian Institute of Technology Gandhinagar. All participants were briefed about
the task and asked to maintain their attention while watching the film clips. Small
groups of subjects independently scored movie clips from each category of emotion.
Only those clips were selected with the highest ranking for evoking a particular response
for all categories.

3.2 Audio Visual Stimuli

Bollywood is popular Indian cinema based on the Hindi language. We selected nine
Bollywood movie clips covering four decades from the 1980s to recent, as shown in Table
1. These movie clips depicted each Rasa and selection was based on the independent
rating from a small group of participants. Each film segment had a different length
because the clips contained narration that had to be shown for a certain time to evoke
a specific Rasa. Film clips ranged in length from 42 seconds to 2 minutes 37 seconds
as shown in Table 1.

3.3 EEG Data Acquisition and Preprocessing

EEG recordings were collected while a participant was asked to watch the selected nine
film clips corresponding to nine Rasas. A High-density Geodesic system of 128 channels
was used for this acquisition with a sampling rate of 250 Hz. A white fixation cross on
a blank screen preceded each film clip for ten seconds, and the order of the films was
randomized for each participant. The complete experiment was designed and run in
E-primeTM and recordings were captured using Net-stationTM. The preprocessing was
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Figure 3: The workflow of the present paper: (Box 1) EEG data acquisition
is performed when a participant watches movie clips. The subsequent step involves
preprocessing and segmentation of EEG signals into epochs of 5 seconds. Then the
extracted segments are passed for frequency decomposition into five frequency bands
comprising delta (1-4 Hz), theta (4 -7 Hz), alpha (8-13 Hz), beta (13-30 Hz), and
gamma (30 -35 Hz) bands. This is followed by the construction of brain networks with
a threshold that retains the significant connections. Network properties are computed
from the thresholded functional networks. These network properties are then used
as features to build binary classifiers between Rasas. Resultant models are selected
based on the significance of the permutation test. (Box 2) From the selected models,
we identify the distinguishable and indistinguishable pairs and the frequency bands in
which these pairs appear.

performed using the Matlab EEGLAB package. High-frequency signals after 60 Hz were
filtered to avoid noise effects. Raw EEG data mostly contains movement and eye blink
artifacts that can be checked carefully and removed to make data useful for analysis.
Therefore, we applied artifact subspace reconstruction to keep the clean continuous
data [33]. Following this, we chunked the data respective to each Rasa across subjects
and used it for further analysis.

4 Methodology

4.1 Construction of Spectral Brain Networks

We constructed the functional connectivity networks using the EEG signals from each of
the participants and for each of the Rasas. The nodes of these networks were the EEG
electrodes and the edges representing the strength of connections between the nodes
were evaluated using a measure called weighted Phase Lag Index (wPLI). The wPLI
that quantifies the phase synchrony between any two time-varying signals, is a standard
functional connectivity measure used in the network neuroscientific community. The
wPLI is defined as the extent of absolute phase lag or lead between two signals weighted
by the imaginary component of the cross-spectral power density between these signals.
It is robust to the volume conduction, presence of noise, and biases induced by sample
size in the electrophysiological data [34–36]. Firstly, the EEG time-series signals from
each of the electrodes were segmented into 5 seconds long windows or epochs with
an overlapping window of length 2.5 seconds. Followed by filtration in five frequency
bands, namely, delta: 1Hz - 4 Hz, theta: 4 Hz - 7 Hz, alpha: 8 - 13 Hz, beta: 13 Hz
- 30 Hz, and gamma: 30 Hz - 45 Hz. The wPLI measure between a pair of signals
calculates the average over the number of epochs. For our computation of wPLI, we
used MNE-python’s connectivity module [37]. This gives us the five different coupling
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matrices (weighted adjacency matrix) each of size (128×128) pertaining to each of the
five frequency bands, for each participant and each Rasa.

4.2 Thresholding of Brain Networks

Functional networks mostly preserve weak and erroneous connections, which may con-
ceal the topology of crucial connections [18]. Thresholding is commonly used to remove
a percentage of the weakest links to retain a usable sparse network. We applied the
thresholding process as implemented in the paper [38]: the network should be 97%
connected, and the average degree should be greater than 2 ∗ log(n), while maintaining
the highest threshold value for edge weights, where n is the number of nodes.

4.3 On the choice of Network metrics as Features

We chose fourteen structural metrics calculated from the final weighted and thresholded
brain networks as features. These were: average degree, maximum degree, average edge
weight, maximum edge weight, network density, average clustering coefficient, local effi-
ciency, global efficiency, number of communities, modularity, transitivity, mean degree
centrality, mean node betweenness centrality, and mean edge betweenness centrality.
As stated before, we hypothesize that the network measures obtained from the connec-
tion topology carry information specific to different Rasas in different brain frequency
bands. This assumption is based on two of the research findings in neuroscience: one
linking graph theory with brain conditions/ states, and the other highlighting the role
of frequency bands in brain processes. Several studies use the graph theoretic frame-
work [39, 40] to study the complex system of the brain, have proven that different
structural and functional aspects of the brain are captured by EEG-based connectivity
patterns of the brain network [27, 41–45]. These studies have highlighted that such
brain functional networks can be characterized in terms of complex network proper-
ties, such as node betweenness, small-worldness, hubs, and modularity. Moreover, they
demonstrated that these structural connectivity metrics could also distinguish between
different cognitive states and pathophysiological states of brain [45]. Since our network
connections are governed by the phase relationship of EEG signals between electrodes,
they capture the functional dynamic connectivity pertaining to the activation of brain
pathways of emotions. The brain frequencies as observed in clinical EEG, on the other
hand, have played an enormous role in cognitive research [46]. Different frequency
bands, their power content, and amplitude have been found to be specific to various
basic cognitive engagement states such as wakefulness, sleep, and attention, brain dis-
eases such as depression in Parkinson’s [47], and schizophrenia [48], the accuracy of
working memory in adults [49] and encoding personality traits [50].

Definitions of network metrics:

In this section, we define each of the network metrics [25] used as features in this work.
We use the NetworkX Python library [51] to evaluate each of these metrics.

1. Average Degree (AD): The degree of a node in a network is the number of its
neighbours or the number of nodes that it directly connects to. The average of
this number over all the nodes in the average degree.

2. Maximum Degree (MD): It is the maximum of all the node degrees in a network.

3. Average Edge Weight (AEW): Edge weight is the strength of an edge connecting
given two nodes in a network. Average edge weight is the mean of edge weights
over all the edges in the network
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4. Maximum Edge weight (MEW): It is the maximum of all the edge weights in the
network. In other words, it is the strongest connection present in the network.

5. Density (D):It is the ratio of the total number of edges present in the network to
the number of possible edges in the network.

6. Average Clustering Coefficient (ACC): The clustering coefficient of a node mea-
sures the fraction of triangles involving that node. In other words, it measures
the extent to which its neighbours tend to form a complete graph. The average
clustering coefficient is the average of this quantity over all nodes.

7. Local Efficiency (LE): For a network node, it is defined as the inverse of the
average shortest path length of all its neighbours among themselves. It measures
how robust the network is to the failure of this particular node in terms of its
communication efficiency.

8. Global Efficiency (GE): Similarly, Global efficiency measures the efficacy of dis-
tant information transfer in a network. It is defined as the inverse of the average
characteristic path length between all node pairs present in the network.

9. Number of Communities (NC): A community in the network is the set of nodes
that have denser connections or a higher number of edges within this node-set,
than to other nodes or communities in the network. A modular network is orga-
nized into clearly identifiable communities.

10. Modularity (M): Modularity is the measure of the extent to which a network
is divided into communities. This measure is often used as a quantity that is
optimized, in various community detection algorithms.

11. Transitivity (T): Transitivity is the ratio of thrice the number triangles to the
number of connected triples of nodes in the network.

12. Average Degree Centrality (ADC): Centrality is the measure of the importance of
the node in a network, or how central is the node to overall network connectivity.
The degree centrality of a node is a fraction of the number of links a node has.

13. Average Node Betweenness Centrality: (NBC) Betweenness centrality measures
how often a node bridges the connections between any two pairs of nodes in a
network via the shortest path. If a node lies in a large number of such shortest
paths, it has a high node betweenness centrality. Average NBC is the average
over all nodes.

14. Average Edge Betweenness Centrality (EBC): Similarly, for an edge, the edge
betweenness centrality measures the number of shortest paths on the network to
which this edge belongs. Average EBC is average over all network edges.

4.4 Random forest (RF) classifiers

Network metrics from different networks were used as features for the classification. In
this study, we trained binary classifiers between two given Rasas. We selected Ran-
dom Forest (RF) classifier for this research due to its well-established theory and easy
interpretability [52]. RF predicts the class based on a number of fitted decision tree
classifiers on various sub-samples of the dataset. Features are used to build decision
trees, where a feature denotes a node, and a threshold is used to split the node into
two children nodes. The quality of the split is decided using the Gini criteria. Once
the trees are fitted, and optimum thresholds are identified, the final class is selected
by the majority vote. RF controls over-fitting and averaging improves the predictive
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accuracy. We performed validation using the 10-Fold stratified technique. The classi-
fier’s performance was evaluated using accuracy, precision, recall, and f1-score. Models
were developed using scikit-learn python [53]. The complete process of construction of
networks to classification is shown in Fig. 3.

Previous studies have suggested employing permutation-based p-values for assess-
ing the competence of a classifier [54, 55]. This test is proposed to measure the real
connection between the data and the class labels, and learning signifies a real class
structure. We used the permutation test with 10000 rounds to examine the statistical
significance of the classifier. The permutation test shuffles the labels of the instances to
evaluate the significance of the classifier. This test [55] has been utilized extensively in
the literature and the results discussed via the permutation test are effective. A small
p-value suggests that there is a real dependency between features and targets, which
has then been used by the estimator to give good predictions. A high p-value may
indicate little or no relationship between the features and targets or that the estimator
could not use the relationship to make good predictions. Majorly, the permutation test
procedure assesses how likely a particular accuracy score would be observed by chance.

4.5 Visualization

The obtained feature matrix was high dimensional, which limits the visualization in
two-dimensional space; therefore, we applied t-distributed Stochastic Neighbour Em-
bedding (t-SNE) to generate lower-dimensional embedding [56]. t-SNE is a manifold
learning unsupervised approach for non-linear dimensionality reduction. It transforms
the data into a low-dimensional space for visualization. EEG signals contain non-
linearity and represent manifold brain processes therefore we applied this technique to
observe the manifolds that can retain the non-linear relationship of the dataset. There
is one parameter, perplexity, which defines the variance of the Gaussian distribution.
Different values of perplexity result in significantly different results, hence, we generated
two-dimensional embedding using seven values: [5, 10, 15, 20, 30, 40, 50].

5 Results

5.1 Findings from Classification

We developed binary classification models between pairs of Rasas (emotions) across
five bands. There were 36 models built for each band comprising a total of 180 (36 ×

5) models. In Fig. 4, the first column depicts the test accuracy score for each model
across bands and the second column mentions the respective significance scores (p-
values). Based on the p-value, we segregated the Rasa pairs as either indistinguishable
or distinguishable. Indistinguishable refers to the pair whose p-value was greater than
0.1, whereas the distinguishable pair had p-value less than 0.01.

Definition: Indistinguishable pair implies that the classification model was
unable to discriminate between features of Rasas. In contrast, distinguishable
pair represents that the model determined the discriminating properties between
Rasas.

5.1.1 Indistinguishable Pairs

We selected the indistinguishable pairs based on the two thresholds on the p-value,
i.e. p > [0.1, 0.5], and plotted them as shown in Fig. 5. The nine Rasas are arranged
in a circular layout and the existing links between the Rasa pairs represent that they

9



Figure 4: [Left Column] Matrices represent the test accuracy between each pair of Rasas
across five frequency bands. Order of frequency bands from top to bottom is: delta,
theta, alpha, beta, and gamma. [Right Column] The corresponding p-value indicates
the statistical significance of test scores between Rasa pairs.
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Figure 5: A connection between two Rasas represents an indistinguishable pair. The
top and bottom rows represent the connections obtained with a p-value greater than
0.1 and 0.5, respectively. Indistinguishable pair implies that the model was unable
to distinguish between characteristics of Rasas. [From the top, in the anticlockwise
direction the Rasas are in order: Santam (pink), Hasyam (red), Bibhatsam (green),
Sringaram (yellow), Adbhutam (cyan), Bhayanakam (orange), Karunayam (purple),
Veeram (blue), and Raudram (dark green).]

Figure 6: The top and bottom rows represent the Venn diagrams obtained with a p-
value greater than 0.1 and 0.5, respectively. The presence of more than one Rasa in a
set indicates similar indistinguishable connections.
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are indistinguishable in a given band. The maximum number of such pairs were found
in the alpha and theta bands; whereas the delta, beta, and gamma bands showed
lesser pairs. To illustrate the indistinguishable pairs more clearly, we constructed Venn
diagrams based on the obtained relationships, as shown in Fig. 6. The overlap between
any two Rasas depicts that the pair is indistinguishable. One such example is that of
Bibhatsam and Bhayanakam, a pair that is largely indistinguishable, except in the beta
band. However, for p > 0.5 they formed a indistinguishable pair only in delta and alpha
bands.

Key Finding: Theta and alpha bands formed maximum indistinguishable pairs.

Figure 7: A connection between two Rasas represents a distinguishable pair. The top
and bottom rows represent the connections obtained with a p-value less than 0.01 and
0.001, respectively. Distinguishable pair implies that the model was able to distinguish
between characteristics of Rasas. [From the top, in the anticlockwise direction the Rasas
are in order: Santam (pink), Hasyam (red), Bibhatsam (green), Sringaram (yellow),
Adbhutam (cyan), Bhayanakam (orange), Karunayam (purple), Veeram (blue), and
Raudram (dark green).]

Figure 8: Network features of a distinguishable pair (p < 0.001) are projected in lower-
dimensional 2D space using t-SNE. The top and bottom rows represent the features
extracted from delta and gamma bands, respectively.
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Table 2: The classifier’s performance is evaluated using accuracy, precision, recall, and
F1-Score. P-value is obtained by permutation test.
Class1 Class2 Band Accuracy Precision Recall F1-Score p-value
Bibhatsam Santam delta 0.88 0.9 0.85 0.86 0.00009
Bibhatsam Veeram delta 0.82 0.88 0.8 0.81 0.0006
Bibhatsam Karunayam delta 0.85 0.88 0.85 0.84 0.0002
Bhayanakam Karunayam delta 0.85 0.88 0.85 0.84 0.0009
Bibhatsam santam gamma 0.85 0.9 0.84 0.84 0.00009
Bibhatsam veeram gamma 0.82 0.88 0.81 0.81 0.0002
Bibhatsam karunayam gamma 0.88 0.96 0.84 0.84 0.0004
Bhayanakam Karunayam gamma 0.8 0.8 0.9 0.82 0.0006

5.1.2 Distinguishable Pairs

The smaller the p-value, the stronger the evidence to have the discriminating features
between two classes. Therefore, we selected two thresholds (p < [0.01, 0.001]) and
respectively plotted the distinguishable pairs in Fig. 7. The alpha band formed the
minimum distinguishable pairs followed by the theta band, whereas the delta, beta,
and gamma bands revealed the maximum distinguishable pairs. The delta and gamma
bands showed a similar set of distinguishable pairs when p < 0.001. Sringaram reflected
the significant distinction from other Rasas across bands, and in the delta band it
showed a classification accuracy of above 90% (p < 0.001) with other Rasas except
for Bibhatsam. Bibhatsam formed a discrimination group (p < 0.001) with Santam,
Veeram, Karunayam, and Sringaram, with accuracies of 88%, 82%, 85%, and 82%,
respectively. Theta band showed distinguishable pairs of Sringaram with six other Rasas
with accuracy approximately above 90%, except for Bibhatsam and Bhayanakam. The
alpha band for Sringaram formed only two discriminating pairs (p < 0.001) with Santam
and Hasyam. For Sringaram, beta and gamma bands showed a similar relationship as
depicted in the delta band. In the beta band, Bibhatsam formed two pairs (p <

0.001) with Hasyam and Adbhutam. Gamma band revealed the same pairs as delta.
Bhayanakam with Karunayam depicted significant discrimination across the delta, beta,
and gamma bands. In Table. 2, the classifier’s performance is shown for delta and
gamma bands.

We projected the feature matrix to a lower-dimensional space, which made it easier
for interpretation. We applied an unsupervised t-SNE dimensionality reduction tech-
nique on the obtained distinguishable pairs ( p < 0.001) in the delta, and gamma
bands. We observed clear separation in some pairs as shown in Fig. 8. For exam-
ple, Sringaram’s data points clustered mostly in a corner of the 2-dimensional feature
space separated from the other Rasas. Secondly, Karunayam with Bibhatsam and
Bhayanakam reflected a clear separation of data points in delta and gamma bands.
Similarly, Bibhatsam showed spatial separation with Santam and Veeram Rasas. We
rendered the 2D view using t-SNE, but there might be better separability in the higher
dimensions.

Key Finding: Slow wave (delta band) and fast wave (beta and gamma bands)
formed maximum distinguishable pairs.
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Figure 9: Connectivity graphs of Rasas depict 5% of the strong connections across
bands. The node’s size indicates the degree, and the width and colour of the
edges denote the connection strength measured using wPLI index (averaged over
all the 20 participants). Blue and red colors indicate the minimum and maximum
strength, respectively. The visualizations are generated using the ’BrainNet Viewer’
(www.nitrc.org/projects/bnv/).
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Table 3: Frequency bands after averaging across all Rasas [Maximum and minimum
values are highlighted]
Band AD MD AEW MEW D ACC GE LE NC M T ADC NBC EBC
Delta 19.13 63.49 0.46 0.73 0.15 0.26 0.51 0.46 4.26 0.0110 0.2434 0.1506 0.0087 0.0020
Theta 29.56 75.34 0.50 0.80 0.23 0.33 0.56 0.55 4.24 0.0120 0.3319 0.2327 0.0072 0.0012
Alpha 26.15 75.89 0.54 0.84 0.21 0.40 0.54 0.60 4.28 0.0270 0.3609 0.2059 0.0078 0.0014
Beta 20.95 70.30 0.43 0.80 0.16 0.39 0.51 0.57 4.24 0.0191 0.3454 0.1649 0.0087 0.0019
Gamma 12.68 62.36 0.42 0.84 0.10 0.33 0.47 0.49 3.93 0.0239 0.2392 0.0998 0.0102 0.0030

Table 4: Average network metrics for each Rasa obtained after averaging across all
bands [Maximum and minimum values are highlighted]
Rasa AD MD AEW MEW D ACC GE LE NC M T ADC NBC EBC
Raudram 24.05 74.76 0.45 0.80 0.1893 0.3631 0.5335 0.5654 4.18 0.00995 0.3235 0.1893 0.00798 0.00166
Santam 23.24 73.40 0.43 0.78 0.1830 0.3587 0.5298 0.5590 4.08 0.01089 0.3218 0.1830 0.00814 0.00172
Karunayam 23.01 73.83 0.42 0.77 0.1812 0.3601 0.5290 0.5565 3.97 0.00704 0.3201 0.1812 0.00824 0.00179
Hasyam 22.72 70.01 0.44 0.79 0.1789 0.3548 0.5241 0.5534 4.12 0.01777 0.3137 0.1789 0.00838 0.00180
Adbhutam 22.70 71.87 0.46 0.80 0.1787 0.3530 0.5240 0.5446 4.15 0.00891 0.3155 0.1787 0.00836 0.00181
Veeram 22.64 73.98 0.45 0.80 0.1782 0.3608 0.5263 0.5595 4.17 0.01362 0.3170 0.1782 0.00822 0.00181
Bhayanakam 20.67 67.31 0.47 0.81 0.1628 0.3262 0.5108 0.5180 4.28 0.01462 0.3025 0.1628 0.00863 0.00198
Bibhatsam 19.91 64.02 0.50 0.82 0.1568 0.3140 0.5052 0.5008 4.28 0.02157 0.2897 0.1568 0.00887 0.00203
Sringaram 16.28 56.11 0.59 0.85 0.1282 0.2582 0.4827 0.4275 4.49 0.06317 0.2336 0.1282 0.00970 0.00255

5.2 Interpreting outcome of classifiers using network metrics

In this section, we aim to obtain an intuitive understanding of the classification results
obtained in the previous sub-sections by analyzing the network properties of the dif-
ferent brain networks. In this pursuit, we take two approaches, one where the network
metrics are averaged across Rasas for each frequency bands, and second, where the
network metrics are averaged across frequency bands for each Rasa.

5.2.1 Analyzing frequency bands after averaging network metrics across
Rasas

For each frequency band, we averaged the magnitude of network metrics over all Rasas.
The averaged metrics are shown in Table. 3, with maximum and minimum values
across the bands shown in bold fonts. From these values, we examine the similarities
and differences between bands. Gamma band showed the minimum average degree,
followed by the delta and beta bands. The maximum degree is observed in theta and
alpha bands. Gamma had the minimum average edge weight whereas alpha had the
maximum value. The network density was minimum in the gamma band, followed by
delta, beta, alpha, and theta bands. Delta band had the minimum average clustering
coefficient whereas the maximum was in the alpha band. Similar observations were
repeated for the rest of the network metrics. Delta or gamma band indicated the
minimum magnitudes of network metrics, whereas alpha or theta band maintained the
maximum value. There were only two exceptions where the role was reversed, gamma
band showed a maximum, and theta band a minimum. In contrast, average node and
edge betweenness centrality (NBC, EBC) showed a descending order of magnitudes
from gamma, delta, beta, alpha, and theta bands. We drew the top 5% of the network
connections in Fig. 9.

Key Finding: Delta and gamma bands have lower magnitudes of network
metrics, whereas theta and alpha bands retained higher magnitudes, except for
NBC and EBC.
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Figure 10: Network Rasa Scale: Sringaram and Raudram form the limiting boundaries
for the magnitude of network properties, and all the other Rasas fall within those limits.
(*) over a set of Rasas denotes that their order is not necessarily the same as shown,
and it may slightly vary with frequency bands. For some network metrics, they may
share the properties or may differ. Bibhatsam and Bhayanakam are consistently close
to each other across network metrics and also across the bands.

5.2.2 Analyzing Rasas after averaging network metrics across frequency
bands

For each Rasa, the magnitude of network metrics after averaging over the five frequency
bands are shown in Table. 4, with the minimum and maximum values highlighted
in bold. The minimum and maximum average degrees were indicated by Sringaram
(16.28) and Raudram (24.04). The maximum degree was found in three sets that had
magnitude above 50, 60, and 70. Sringaram had the least maximum degree of 56.11,
Bibhatsam (64.02) and Bhayanakam (67.31) formed another group of above 60. Hasyam
(70.01), Adbhutam (71.87), Santam (73.4), Karunayam (73.83), Veeram (73.98), and
Raudram (74.76) were above 70. The average edge weight between 0.40 and 0.46 com-
prised Karunayam (0.424), Santam (0.429), Hasyam (0.442), Veeram (0.449), and Rau-
dram (0.45). Adbhutam (0.46), Bhayanakam (0.47), and Bibhatsam (0.50) observed
within 0.52. And the maximum was for sringaram (0.58). Density ranges from 0.17 to
0.19 included Raudram (0.189), Santam (0.182), Karunayam (0.181), Hasyam (0.1789),
Adbhutam (0.1787), and Veeram (0.1782). Bhayanakam (0.16), Bibhatsam (0.15), and
Sringaram (0.12) had the least three values. For the remaining metrics (before ADC, as
shown in Table. 4), we found that Sringaram had minimum magnitude, whereas Rau-
dram and Karunayam had maximum. In contrast, average node and edge betweenness
centralities showed minimum values for Raudram and maximum for Sringaram.

Key Findings:

• Ten out of fourteen network properties suggested that the Rasas
Sringaram and Raudram limit the magnitude of network features. Based
on this, we inferred a magnitude scale as shown in Fig. 10, where Sringaram
determined the one side limit of the scale, while Raudram maintained the
other side.

• In contrast to other network metrics, node, and edge betweenness central-
ities are maximum in the Sringaram and minimum in Raudram.

• The network properties of Bibhatsam and Bhayanakam were nearly close
to each other.

6 Conclusion

In this work, we computed the functional connectivity networks, corresponding to nine
Rasas, that represented the correlations between the activities of brain regions while
a person was watching emotional movie clips. In order to identify distinguishable and
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indistinguishable pairs of Rasas, the network features from the corresponding functional
networks were employed for the classification task. Our binary classification result
(accuracy) between a given Rasa pair, were re-affirmed with a permutation test. The
two key findings of our study are as follows:

1. Slow (delta band) and fast (beta and gamma bands) brain waves generated the
maximum number of distinguishable pairs.

2. Theta and alpha rhythms exhibited higher number of indistinguishable Rasas
pairs.

Our classification results also highlighted the role of frequency bands in examining
the differences between emotions. We found that the delta, beta, and gamma produced
the maximum number of distinguishable pairs, whereas theta and alpha waves resulted
in more indistinguishable pairs, for which the classifiers failed to generate discrimina-
tion with statistical significance. In addition, to gain interpretability of the obtained
two groups of frequency bands, we analyzed network properties and observed that the
magnitudes of the delta, beta, and gamma networks were mostly lower than theta and
alpha bands.

Based on the magnitudes of the network metrics, we observe that the Raudram (for
10 network metrics) and Sringaram (for all network metrics) Rasas are the extreme
emotions, i.e. one of them has a minimum (maximum) value, while the other has a
maximum (minimum) magnitude. The other seven Rasas, lie in the range set by these
two for all the network metrics. Based on this observation, we approximate a Rasa scale,
where they are placed next to each other on a one-dimensional line. The ordering goes
as Sringaram, Bibhatsam, Bhayanakam, Adbhutam, Veeram, Hasyam, Karunayam,
Santam, Raudram; where, the last six can interchange their positions depending on the
frequency bands.

7 Discussion

Higher frequency has been consistently reported to be crucial for the classification of
different emotions [57–59]. In the previous study for the classification of happiness
and sadness, the gamma band has been the optimal band for generating discriminating
features [12]. A recent study presents that the beta and gamma are more effective
brain rhythms in identifying emotions than the theta and alpha [30]. Furthermore,
some neuroscience studies reveal that neural encodings of emotional information are
stored primarily in higher frequency bands [60,61]. Another recent paper by Yang and
colleagues reports that long-distance connections noted in the high-frequency bands,
especially in the high gamma bands, showed significant differences among emotional
states [6]. Brain activities in the high-frequency band (> 30Hz) are known to be associ-
ated with emotional integration and play a role in cognitive control of emotions [62,63].
Several studies have looked at those high-frequency responses to affective pictures, most
of which reported enhanced responses to negative images [64–66]. Zheng and colleagues
observe that the delta band performed better than the theta and alpha bands for emo-
tion recognition of three categories (positive, neutral, and negative) [67]. They observe
this outcome from the features of differential asymmetry and rational asymmetry. Delta
band is less studied in the literature, and a recent study on event-related emphasizes
the research on delta activity patterns and alterations in delta energy, which might im-
prove our understanding of emotional processing by focusing on the slow waves (delta
band) [16].

Interestingly, our result on the alpha band resonated with the previous research on
Indian Rasas. The previous study reports that the community structure of different
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Rasa networks in the alpha band is the most similar [29]. The authors computed
functional network connectivity using the coherence measure and analyzed network
properties including small-worldness, the efficiency of information propagation, etc. of
the Rasa networks. According to a recent study, alpha waves may serve as a useful
indicator of emotional stimulus processing [68]. Moreover, it states that the evidence
collected from past decades mostly suggests the role of alpha oscillations in attention
and memory processes.

Figure 11: A circumplex model of emotions classification. The model has two dimen-
sions encompassing pleasure and activeness.

Based on our results from classifiers and magnitudes of network metrics, we observe
that Bhayanakam (fear) and Bibhatsam (disgust) exhibited high similarity. They both
signify unpleasant emotions as per the circumplex model. Russell and James proposed
a circumplex model for emotions classification [69]. This is more related to dimension
space theory, which refers to emotion as continuous and relevant [70]. The circumplex
model describes emotion into two dimensions: pleasure and activeness as shown in Fig.
11. Activeness is categorized into mild and high intensity, while pleasure is classified
into pleasant and unpleasant. Based on the results of previous research conducted in
various countries and regions, this model is mostly accurate and consistent [71, 72].

A summary of our results obtained on distinguishable pairs in different frequency
bands is presented in Table. 5. We observe that Bibhatsam (disgust), an unpleasant
emotion, was distinguishable from Santam (peace) and Veeram (heroic), both pleasant
emotions, in the delta and gamma bands. We also find that Bibhatsam (disgust) and
Karunayam (sorrow), both representing unpleasant emotions, formed a distinguishable
pair. On noticing the activeness scale, however, Bibhatsam and Karunayam indicate
high and mild intensity emotions, respectively, and hence this pair although similar
on the pleasant dimension, it is dissimilar on activeness scale. In beta band, Hasyam
(comic) and Adbhutam (astonishment) were distinguished from Bibhatsam. Similarly,
Bhayanakam and Karunayam formed a distinguishable pair in delta, beta, and gamma
bands, indicating high and mild intensity.
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Table 5: Distinguishable pairs (p < 0.001) of Rasas in different frequency bands.
Rasa1 Discriminated (Rasas 2) Band
Bibhatsam Santam, Veeram and Karunayam Delta and Gamma
Bibhatsam Hasyam and Adbhutam Beta
Bhayanakam Karunayam Delta, Beta and Gamma
Sringaram ALL Delta, Beta and Gamma
Sringaram except Bibhatsam and Bhayanakam Theta
Sringaram Santam and Hasyam Alpha

8 Limitation and future scope

We would like to mention a few limitations of this study. Our results are based on the
scalp electrodes, which do not have clearly defined source mapping inside the brain,
and therefore we confine the findings in the signal space rather than source space. We
used a single set of film clips (corresponding to different Rasas) which was selected
based on the ranking from a group of participants who confirmed the evoking of these
particular emotions. The study could be carried out on more such film clip sets for
nine Rasas. Hence, this study motivates building a benchmark dataset of audio-visual
stimuli corresponding to Rasas for EEG studies. We acknowledge that thresholding
on p-value can also vary based on pairs. However, the main objective of the article
is to present the significance of bands by utilizing network features. Hence, future
works would have ample opportunity to see the pair-wise differences and similarities in
more depth, including the role of network features. This research contributes to the
pioneering work on Indian Rasas, reporting network-based similarity and differences in
brain responses collected through EEG.
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[61] Kortelainen, J., Väyrynen, E., Seppänen, T.: High-frequency electroencephalo-
graphic activity in left temporal area is associated with pleasant emotion induced
by video clips. Computational intelligence and neuroscience 2015 (2015)

[62] Matsumoto, A., Ichikawa, Y., Kanayama, N., Ohira, H., Iidaka, T.: Gamma band
activity and its synchronization reflect the dysfunctional emotional processing in
alexithymic persons. Psychophysiology 43(6), 533–540 (2006)

[63] Tang, Y., Li, Y., Wang, J., Tong, S., Li, H., Yan, J.: Induced gamma activity in
eeg represents cognitive control during detecting emotional expressions. In: 2011
Annual International Conference of the IEEE Engineering in Medicine and Biology
Society, pp. 1717–1720 (2011). IEEE

[64] Güntekin, B., Basar, E.: Emotional face expressions are differentiated with brain
oscillations. International Journal of Psychophysiology 64(1), 91–100 (2007)

[65] Onton, J.A., Makeig, S.: High-frequency broadband modulation of electroen-
cephalographic spectra. Frontiers in human neuroscience 3, 61 (2009)

[66] Martini, N., Menicucci, D., Sebastiani, L., Bedini, R., Pingitore, A., Vanello, N.,
Milanesi, M., Landini, L., Gemignani, A.: The dynamics of eeg gamma responses
to unpleasant visual stimuli: From local activity to functional connectivity. Neu-
roImage 60(2), 922–932 (2012)

[67] Zheng, W.-L., Dong, B.-N., Lu, B.-L.: Multimodal emotion recognition using eeg
and eye tracking data. In: 2014 36th Annual International Conference of the IEEE
Engineering in Medicine and Biology Society, pp. 5040–5043 (2014). IEEE

[68] Schubring, D., Schupp, H.T.: Emotion and brain oscillations: high arousal is
associated with decreases in alpha-and lower beta-band power. Cerebral Cortex
31(3), 1597–1608 (2021)

[69] Russell, J.A.: A circumplex model of affect. Journal of personality and social
psychology 39(6), 1161 (1980)

[70] Tomkins, S.S.: Affect, Imagery, Consciousness: Cognition: Duplication and Trans-
formation of Information vol. 4. Springer, ??? (1962)

[71] Qi, C., Li, M., Wang, Q., Zhang, H., Xing, J., Gao, Z., Zhang, H.: Facial expres-
sions recognition based on cognition and mapped binary patterns. IEEE Access 6,
18795–18803 (2018)

24



[72] Feldman Barrett, L., Russell, J.A.: Independence and bipolarity in the structure
of current affect. Journal of personality and social psychology 74(4), 967 (1998)

25


