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Ragadist: A Method For Quantifying Raga 
Similarity 

 
Vinuraj Devaraj 

 
Abstract: Raga Similarity had been a topic of fascination among Karnatik music followers. Though the topic remains active and interesting, a lack of 
appropriate similarity quantification method leads to subjective interpretations which in turn can be ambiguous intermittently. In this paper, we propose a 
raga similarity method, RagaDist, that quantifies similarities between raga pairs, based on their semantic structure and classifies the similarity into a 4-
scale measure. Similarities derived using RagaDist is compared with popular string similarity methods using clustering approaches – Hierarchical 
clustering and Partition Around Medoids (PAM) and Multi-Dimensional Scaling (MDS) methods to analyze emerging patterns and characteristics among 
Melakarta raga similarities. Empirical measurements were conducted using one-way ANOVA and post hoc analysis. We also determined that using 
RagaDist, a threshold of 0.79 may be used as a cut off to distinguish ragas based on similarity. 
 
Index Terms: Multi-Dimensional Scaling, Correlation Analysis, Clustering, Partition Around Medoids (PAM), Levenshtein distance, ANOVA, Karnatik 
Ragas. 

———————————————————— 

1 INTRODUCTION                                                                     

ARNATIK Music is an ancient, sophisticated yet refined art 
form of delivering mesmerizing music through a structured 
method. This form of art is predominantly practiced in South 
India and this form of music is still the foundation for various 
musical compositions that are emerging in several forms of 
entertainment such as movie music production, band music, 
folk songs etc. The heart and soul of Karnatik music is the 
raga, which is a sequence of musical notes that defines the 
boundary within which a musical piece must remain. Once a 
musical composition adheres to a raga, the underlying 
patterns, motifs, and variations must remain within the 
structure defined by the raga. This may seem like a constraint 
but in reality, this constraint has produced several beautiful 
compositions in Karnatik music. The constraint of staying 
within bounds of a raga has made music composers, 
practitioners and enthusiasts remain inquisitive on raga 
similarity – identifying ragas that are similar, so that 
appropriate sequencing of musical compositions can be made 
without breaking the melody sequence of a song. This 
inquisitiveness has led to the emergence of ―Raga similarity‖ 
as a topic of discussion among Karnatik music practitioners 
and enthusiasts equally. Signature similarity is a sub topic 
associated with Raga similarity, where the similarity between 
ragas is determined based on its structure alone, keeping 
aside the temporal and spectral characteristics. In a typical 
scenario to identify the name of a raga, once a musical 
composition is played, a trained Karnatik musician maps the 
frequency of various notes played to the mental map of 
musical notes that the musician would have developed by 
virtue of years of training and practice. Once mapping of notes 
is established in the mind, musicians can put together notes in 
right sequence and then compare the emerging sequence to 
list of all known ragas to decipher name of the raga. 
 

 
 

 
In its core, Karnatik ragas are based on sapta swaras or seven 
musical notes viz. ―Sa‖, ―Ri‖, ―Ga‖, ―Ma‖, ―Pa‖, ―Dha‖ and ―Ni‖. 
The figure 1 below represents solfeggio of Karnatik raga as 
represented on a single octave of a piano. There are variants 
of these notes that corresponds to a flat or a sharp note 
expect for ―Sa‖ and ―Pa‖. 

 
Fig 1:Solfeggio of Karnatik Raga. 
 

Karnatik 
Note 

Representation Variants 

Sa S None 

Ri R 3 variants – R1, R2 & R3 

Ga G 3 variants – G1, G2 &G3 

Ma M 2 variants – M1 & M2 

Pa P None 

Dha D 3 variants – D1, D2 &D3 

Ni N 3 variants – N, N2 & N3 

Table 1: Karnatik notes and corresponding representations 
and variants 

 
The presence of these variants ensures that there are 16 
notes available from which a raga can choose its signature. 
i.e. A Karnatik raga will always be a combination of these 
variants expect for the fact that at any given point, a raga will 
utilize, in principle, only one variant of a given note. Such 
ragas are known as Melakarta Ragas. A Melakarta raga 
always satisfies 2 conditions- there will always be 7 notes and 
there would be only one variant of a note used in its 
construction. As a result of this, a Melakarta raga is also 
known as a sampoorna raga.  The anatomy of a raga is 
defined by the sequence of notes structured in an ascending 
form and descending form. Its known as ―arohanam‖ or notes 
to be played during an ascending descending pattern of 
melody and ―avarohanam‖ or notes to be played during 
descending pattern of melody. Both these forms can again be 
divided into 2 parts – Poorvanga (Notes: Sa, Ri, Ga and Ma) 

K 

———————————————— 
 Vinuraj Devaraj  is currently pursuing PhD in Data Science in 

Harrisburg University of Science & Technology, Harrisburg, PA, USA. 

E-mail: vdevaraj@my.harrisburgu.edu 



INTERNATIONAL JOURNAL OF SCIENTIFIC & TECHNOLOGY RESEARCH VOLUME 10, ISSUE 06, JUNE 2021  ISSN 2277-8616 

311 
IJSTR©2021 
www.ijstr.org 

and Uttaranga (Notes: Pa, Dha, Ni and Sa (from next octave)) 
as illustrated in Table 2: Karnatik notes, description and 
comparison with Piano notes. 

  N
ot
e 

Note 
description 

C C
# 

D D
# 

E F F
# 

G G
# 

A A
# 

B 

P
o
o
rv

a
n
g
a

 

S Shadjam                          

R
1 

SuddhaRis
habham 

                        

R
2 

Chatusruth
iRishabha
m 

                        

R
3 

Shatsruthi
Rishabha
m 

                        

G
1 

SuddhaGa
ndharam 

                        

G
2 

Sadharana
Gandhara
m 

                        

G
3 

Antara 
Gandhara
m 

                        

M
1 

SuddhaMa
dhyamam 

                        

M
2 

PratiMadh
yamam 

                        

               

U
tt
a
ra

n
g
a

 

P Panchama
m 

                        

D
1 

SuddhaDh
aivatham 

                        

D
2 

Chatusruth
iDhaivatha
m 

                        

D
3 

Shatsruthi
Dhaivatha
m 

                        

N
1 

SuddhaNis
hadham 

                        

N
2 

KaisikaNis
hadham 

                        

N
3 

KakaliNish
adham 

                        

Table 2: Karnatik notes, description and comparison with 
Piano notes 

 
In this paper, a methodology is proposed to quantify raga 
similarity – RagaDist (RD), named after Purandara Dasa 
(Sriram, 1990) who’s widely considered as father of Karnatik 
music, and define a four-class scale to classify similarity 
between ragas. Section 2 of this paper illustrates background, 
motivation and proposed methodology to quantify and classify 
similarity. Section 3 illustrates analysis and results of 
comparison of RagaDist with other string distance 
measurement methods. This section also compares outcome 
of clustering methods and multi-dimensional scaling (MDS) 
with the proposed RagaDist method. Section 4 of this paper 
offers additional insights from the analysis with a proposed 
direction on what future work looks like. IJSTR staff will edit 
and complete the final formatting of your paper. 

 
2 BACKGROUND, MOTIVATION AND METHODOLOGY 
Karnatik Ragas forms the core of Karnatik Music as it is 
impossible to illustrate Karnatik Music without ragas. In its 
simplest form a raga is a combination of musical notes which 
when combined with timing or Thaalam, intonation, vibratos or 
gamakas, tempo or kaalam and motifs produces music that 
highly influences a focused listener’s mind. Ragas, if rendered 
correctly, has the ability to convey emotions (Venkatesh, 
2010). 
 
2.1 Background 
The raga scheme in Karnatik music follows a parent-child 
model where there are a set of parent ragas called Melakarta 
from where the child ragas, a.k.a Janya ragas are derived 
from. There are 72 Melakarta ragas which can further be 
divided broadly into two group of 36 ragas each. While Group I 
contain ragas with first variant of ―Ma‖ or note ―M1‖ or 
SuddhaMadhyamam, Group II, contains ragas with note ―M2‖ 
or PratiMadhyamam. Ragas in each group are further divided 
into sub groups, called as chakra, of 6 ragas each there by 
forming 12 sub-groups of ragas which conceptually 
corresponds to each energy center of human body. The 
chakras are named as Aditya, Agni, Bana, Brahma, Deva, 
Dishi, Indu, Netra, Rishi, Rudra, Rutu and Veda. Hence this 
whole architecture forms a two-level hierarchy as illustrated in 
the figure below. 
 

 
Fig 2: Group of Melakarta ragas – dividing into 2 main groups 

and 6 sub-groups under each main group 
 
In effect, all songs that strictly follows a raga scheme would 
either be based on Melakarta raga or a Janya raga. Once a 
raga is chosen, the song always stays within the bounds of the 
ragas i.e. the patterns of notes will be same as fundamental 
structure of a raga. It is however allowed to mix ragas and 
make song sequences though each sequence of song 
corresponding to a raga will still be similar to the fundamental 
composition of notes. Hence understanding similarities 
between ragas becomes an important problem to be solved 
and it would be highly beneficial when it comes to composing 
music. 

 
2.2 Motivation 
Karnatik Music is an art form of singing though it can be 
played on other musical instruments like violin, veena, 
mandolin etc. Yet, singing remains the default choice since, a 
trained human vocal cord can achieve supreme levels of 
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vibrato rendition that no other instrument – wind or string, 
could mimic. Karnatik Music is taught in a ―problem-solving‖ 
manner where each stage of learning is associated with a 
problem to be solved. The learning starts with the problem of 
identifying notes or swaras where a student is trained to sing a 
particular note within a particular octave or sthayi and timing or 
thaalam, where the student is taught to render a musical note 
at particular intervals of time or kaalams. The kaalam starts 
with 15 bpm (beats per minute) and then it typically doubles as 
the magnitude increases. Hence in 1st kaalam, the bpm would 
be 15 and when it reaches 4th kaalam, bpm becomes 120. 
Once this stage is completed, students are made to practice 
simple to complex vocal cord exercises. These exercises 
primarily consist of combination of musical notes that needs to 
be rendered across one or two sthayis, one or two thaalams 
and one or two kaalams. These two stages are the most 
difficult stages in learning Karnatik Music. The third stage also 
known as varnam involves introduction to ragas and additional 
exercises involving musical notes associated with specific 
ragas which gets rendered across more sthayis with addition 
of motifs and vibratos. Students are introduced to lighter songs 
at this stage. Once this stage is completed, advanced stage of 
learning starts with more ragas getting into the scheme along 
with complex thaalams and kaalams, complex vibratos and 
learning full scale songs called keertanams as well as learning 
raga schemes, structure and composition. A complete learning 
cycle for Karnatik music, especially to reach advanced stage, 
typically takes anywhere between 5 to 8 years of learning. 
From the abstract learning path illustrated, it can be observed 
that the problems involved in learning Karnatik music consists 
of identifying swaras, identifying thaalams and kaalams, 
identifications of motifs, determining vibratos, embedding 
motifs to bring out beauty of ragas, raga identification based 
on a song and deciphering similarity between ragas. Several 
studies were conducted in the past to address these problems 
like Karnatik musical notes identification (Sridhar et.al, 2006) , 
note identification from a polyphonic sound (Dixon , 2003 and 
Patel et.al, 2002), identification of ragas using Hidden Markov 
Models (Rao et.al, 2012 and Krishna et.al, 2011) and raga 
identification using signal processing methods( Sridhar and 
Geetha, 2009). Pitch class and pitch-class dyad distributions 
were also used to identify ragas (Chordia, 2007). In addition, 
machine learning methods in conjunction with Dynamic Time 
Wrapping and Hidden Markov models to extract melodic motifs 
also found its application in solving raga identification and 
classification (Rao et.al, 2011). Motif identification is another 
problem that finds significant importance in Karnatik music as 
those motifs will correlate to gamakas which in turn defines 
beauty of Karnatik music. A two-pass dynamic programming 
approach using RLCS (Roughest Longest Common 
Sequence) was used to identify motifs (Ishwar et.al, 2013) 
while researchers have developed specific algorithms to 
extract motifs from time series data (Patel et.al, 2002). As far 
as similarity measures are concerned Conditional Euclidean 
Distance (Park et.al, 2013) and Earth Mover Distance (EMD) 
finds its application in the past research (Rao et.al, 2014) and 
indicates that it produces a better result as compared to 
cosine distance while determining raga similarities using 
Nearest Neighbor Classifier. LSTM networks were also used 
(Ross et.al, 2017) to discover raga similarities using the 
melodic characteristics of Hindustani ragas and by 
understanding distributed representations of musical notes. 
While several studies were performed in the past to address 

specific problems in the learning process of Karnatik music, it 
can be observed that there are not enough studies covering 
raga similarities which is a fundamental problem that students 
or experts equally runs into i.e. to identify ragas that are 
similar or dissimilar. While students would like to know about 
similar ragas to expand their knowledge of horizon, experts 
would rely on this knowledge to determine an acceptable 
sequence of songs for a stage performance. In addition, it 
would also be beneficial to quantify the similarity as it would 
greatly assist in filtering ragas based on similarity threshold. 
Hence, a method is being suggested for calculating raga 
similarity, viz. RagaDist (RD). The rationale behind this 
proposition is that, to the best of our knowledge, there is no 
single measure available today to rationally quantify and 
classify raga similarity.  RagaDist considers raga similarity as a 
specific problem of string similarity i.e. by measuring similarity 
using the sequence of notes in a raga. 
 
2.3 Methodology 
In order to calculate similarities between two ragas, foremost 
step was to ascertain similarity of two ragas based on notes in 
the signature of both arohanam (Sim ar) and avarohanam 
(Sim av) of both ragas. The similarity is then averaged to 
derive overall similarity with equal weights given to both 
similarity measures. Further to this, weights (w) were 
calculated for each note based on its frequency within the 
Melakarta (N = 72) scheme, such that: 

 
Weight, wi = mi/N, m = number of occurrences of a 
given note in Melakarta. 

 
The table below (The 17th note corresponds to Sa in the 
subsequent octave), illustrates the weights corresponding to 
each Karnatik note. 

Note 
Recurrence in 
Melakarta (m) 

Weight (w) 

S 72 1 

R1 36 0.5 

R2 24 0.33 

R3 12 0.17 

G1 12 0.17 

G2 24 0.33 

G3 36 0.5 

M1 36 0.5 

M2 36 0.5 

P 72 1 

D1 36 0.5 

D2 24 0.33 

D3 12 0.17 

N1 12 0.17 

N2 24 0.33 

N3 36 0.5 

S 72 1 

 
Table 3: Raga notes and weights 
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Based on appearance of each note in raga signature a 
cumulative weight (W) is assigned to the whole raga: 

W = w.r
T
 

Where r
T
 is the vector representing raga signature depending 

on each note. This is a fixed length vector, with length = 17, 
corresponding to each note in Melakarta scheme within an 
octave. This formula is applied separately for ascend and 
descend signatures for base and comparison ragas. For e.g. if 
a raga, say base raga b, has ascend or arohanam notes as ―S 
R1 G2 M1 P D1 N2 S‖ then the vector r

T
 would be 

[1,1,0,0,0,1,0,1,0,1,1,0,0,0,1,0,1] and cumulative weight Wbar 
would be w x [1,1,0,0,0,1,0,1,0,1,1,0,0,0,1,0,1], where w is the 
weight vector corresponding to weights illustrated in table 
above. Now, if this raga is getting compared with another raga, 
say c, with signature ―S R1 G2 M2 P D1 N3 S‖, then vector r

T
 

would be [1,1,0,0,0,1,0,1,0,1,1,0,0,0,0,1,1] and cumulative 
weight Wcarwould be w. [1,1,0,0,0,1,0,1,0,1,1,0,0,0,0,1,1]. The 
ascend to Arohanam similarity is calculated as: 

Simar =1 −
√ (         )

 

    
 

Similarly, the descend or avarohanam similarity is 
calculated as: 

Simav =1 −
√ (         )

 

    
 

Finally, the distance between the ragas is calculated 

as D (b,c) = 
           

 
 

 
2.3.1 Flow Chart and Algorithm 
The flow diagram illustrating the ―happy-path flow of the 
proposed RagaDist is illustrated below  
 

 
Fig 3: RagaDist:  Flow Chart 

 

Raga similarity derived using RD method is compared with the 
outcome of commonly known string similarity measures such 
as Levenshtein distance (Levenshtein, 1966), qgram distance 
(Ukkonen, 1992), cosine distance (Sidorov et.al, 2014), 
Jaccard distance (Sven, 2016) and Jaro-Winkler distance 
(Jaro, 1989 and Winkler, 1990) using cluster analysis methods 
to observe any differences that may exists in determining 
similarities.To perform comparison, following steps were 
followed. 
 
Step 1: Define a matrix of self-similarity measures for 
Melakarta ragas using Levenshtein distance (Levenshtein, 
1966), qgram distance (Ukkonen, 1992), cosine distance 
(Sidorov et.al, 2014), Jaccard distance (Sven, 2016) and Jaro-
Winkler distance (Jaro, 1989 and Winkler, 1990) and 
RagaDist. 
Step 2: Perform Hierarchical clustering to identify hierarchies 
of data using ward method, single linkage, complete linkage, 
average, centroid, media and mcquitty.  
Step 3: Partition Around Medoid (PAM) clustering and Multi-
Dimensional Scaling (MDS) is performed to identify groups of 
ragas 
Step 4: The RagaDist was evaluated on a set of similar ragas 
classified as ―similar‖ by experts to quantify similarity. 
 

3 ANALYSIS & RESULTS 
The experiment was conducted using the Melakarta ragas 
(Rajam et.al 2010 and Sriram, 1990) which contains unique 72 
ragas. Fundamentally, the note ―Ma‖ splits Melakarta ragas 
into two equal sized groups with each containing 36 ragas. In 
order to analyze the similarities between Melakarta ragas, we 
calculated similarity using well known similarity measures, as 
described in section 2, and the proposed method – RagaDist. 
After calculating similarities, the emerging similarity matrix was 
subjected to hierarchical clustering how clusters are formed. 
This was done on similarities calculated using Levenshtein 
Distance and RagaDist.  
 
3.1 SIMILARITY MEASURE CALCULATION 
In this experiment we calculated self-similarity distances 
between Melakarta ragas using string distance measures 
mentioned in the motivation section and using the RagaDist. 
The self-similarity measures were then represented using 
heatmaps. 
 

Levenshtein 
Distance 

 

qgram Distance 

 

Cosine Distance 
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Jaccard Distance 

 

Jaro-Winkler 
Distance 

 

RagaDist 

 

Fig 4: Similarity maps - String distance measures and 
RagaDist 

 
The darker shade in heat map illustrates higher similarity with 
black color indicating similarity=1 (i.e. ragas are exactly same). 
As similarity measure diminishes, the grey shade moves 
towards white with white indicating similarity=0, illustrating that 
there’s no similarity between ragas. By comparing the 
similarities on the heatmaps all methods except for similarity 
based on Jaccard distance illustrates symmetric patterns with 
the pattern from RagaDist being more prominent. This is 
primarily because of the way the weights are distributed. For 
e.g., equal weights being given to variants of note ―Ma‖ i.e. to 
notes M1 and M2. As a result, there’s clear separation of ragas 
within Melakarta and this separation is similar to the 
underlying structure of Melakarta. In order to illustrate the 
similarity measures (s) further, the table below compares 
similarity measures for 5 random sets of ragas from the 
Melakarta raga set. 
 
 
# Raga 1 Raga 2 Similarity Method 

LV Qgra
m 

Cosine Jaccar
d 

JW RD 

1 Kiravani 
AR:SR2
G2M1PD
1N3S 
AV:SN3D
1PM1G2
R2S 

Kanakan
gi  
AR:SR1
G1M1PD
1N1S 
AV:SN1D
1PM1G1
R1S 

0.63 0.63 0.84 0.81 0.79 0.77 

2 Charuke
si  
AR:SR2
G3M1PD
1N2S  
AV:SN2D
1PM1G3
R2S 

Karahara
priya 
AR:SR2
G2M1PD
2N2S  
AV:SN2D
2PM1G2
R2S 

0.75 0.75 0.92 0.90 0.86 0.78 

3 Hanumat
hodi 
AR:SR1
G2M1PD
1N2S  
AV:SN2D
1PM1G2
R1S 

Kokilapri
ya  
AR:SR1
G2M1PD
2N3S 
AV:SN3D
2PM1G2
R1S 

0.75 0.86 0.97 0.90 0.88 0.80 

4 Ramapri
ya 
AR:SR1

Kamavar
dhini 
AR:SR1

0.75 0.75 0.90 1 0.88 0.80 

G3M2PD
2N2S  
AV: 
SN2D2P
M2G3R1
S 

G3M2PD
1N3 
AV:SN3D
1PM2G3
R1S 

5 Vishwam
bhari 
AR: 
R1G3M2
PD3N3S 
AV:SN3D
3PM2G3
R1S 

Thanaru
pi 
AR:SR1
G1M1PD
3N3S  
AV:SN3D
3PM1G1
R1S 

0.75 0.75 0.91 0.90 0.85 0.72 

Table 4: Results of similarity calculation using various string 
distance methods in comparison with RagaDist 
(AR: Arohanam, AV: Avarohanam, LV: Levenshtein Distance, 
JW: Jaro-Winkler Distance, RD – RagaDist) 
 
Following scale was used to classify similarities. 

# Similarity Measure Scale Code 

1 0.96 to 1 Very High VH 

2 0.76 to 0.95 High H 

3 0.6 to 0.75 Somewhat S 

4 <0.6 Not similar N 

Table 5: Similarity classification – arbitrary levels 
 
This scale is being used since there is no generally acceptable 
threshold level to classify and differentiate ragas similarity. In 
the table above, Kiravani (AR:SR2G2M1PD1N3S 
AV:SN3D1PM1G2R2S) and Kanakangi 
(AR:SR1G1M1PD1N1S AV:SN1D1PM1G1R1S) are two ragas 
that belongs to Group I (―Ma‖ as note: M1) but belongs to sub 
groups Veda and Indu respectively. Analysis of semantic 
structure of both ragas, indicates that there are 3 notes that 
are different between them viz. ―Ri‖ (R2 for Kiravani Vs R1 for 
Kanakangi), ―Ga‖ (G2 for Kiravani Vs G1 for Kanakangi) and 
―Ni‖ (N3 for Kiravani Vs N1 for Kanakangi). The difference in 
―Ri‖ and ―Ga‖ translates into half-note difference whereas for 
―Ni‖, it translates into a full note difference. Hence one would 
expect the similarities to S (Somewhat similar) between these 
ragas. In this case Levenshtein Distance and qgram tends to 
offer a similarity class as S (s=0.63), as compared to other 
methods, cosine (s=0.84, class: H), Jaccard(s=0.81, class: H), 
JW(s=0.79,class: H) and RD(s=0.77, class:H).  Similarly, 
Vishwambhari (AR: SR1G3M2PD3N3S AV: 
SN3D3PM2G3R1S) and Thanarupi (AR: SR1G1M1PD3N3S , 
AV: SN3D3PM1G1R1S) are ragas that belongs to Group I 
(―Ma‖ as note: M1) and Group II (―Ma‖ as note: M2) with only 
two notes that are different viz. ―Ga‖ (G3 for VishwambhariVs 
G1 for Thanarupi) and ―Ma‖ (M2 for Vishwambharivs M1 
forThanarupi). Hence one would not expect the similarity to be 
high as illustrated by cosine(s=0.84, class:H), Jaccard 
(s=0.81, class:H), JW (s=0.79, class:H). On the contrary, LV 
(s=0.75, class:S), qgram (s=0.75, class:S) and RD (s=0.75, 
class:S) illustrates lower similarity.  The similarity distance 
measure using RagaDist and Levenshtein distance for ragas 
in Indu chakra group of Melakarta scheme is illustrated below. 
All similarity measures for RagaDist (min s=0.79 and max 
s=0.91) distances fall within the class of ―H‖ with most 
measures above 0.8, indicating the rational similarity 
calculation of RagaDist as compared to LV similarity (min 
s=0.75 and max s=0.86). 
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KANA
KANGI 

RATH
NANG
I 

GANA
MURTH
I 

VANA
SPATH
I 

MANA
VATHI 

THAN
ARUPI 

R
D

 

KANAK
ANGI 1 0.91 0.87 0.82 0.80 0.81 

RATHN
ANGI  1 0.86 0.84 0.79 0.79 

GANA
MURTH
I   1 0.78 0.85 0.86 

VANAS
PATHI    1 0.85 0.82 

MANAV
ATHI     1 0.90 

THANA
RUPI      1 

        

L
V

 s
im

ila
ri
ty

 

KANAK
ANGI 1 0.86 0.86 0.75 0.75 0.75 

RATHN
ANGI  1 0.86 0.86 0.75 0.75 

GANA
MURTH
I   1 0.75 0.86 0.86 

VANAS
PATHI    1 0.86 0.75 

MANAV
ATHI     1 0.86 

THANA
RUPI      1 

Table 6: Distance measures for 1st sub group of Melakarta 
ragas (Indu chakra) – comparing Levenshtein vs RagaDist 

 
Overall, by combining the outcome of visual inspection of 
similarity on heatmaps and the classification of similarity 
measures, results indicate that while cosine, jaccard and Jaro-
Winkler distance methods indicate a high similarity when it is 
not, LV, qgram and RD calculates a more rational similarity. 
The results further indicate that RD and LV may derive 
similarity more rationally than other methods.  

 
3.2 EMPIRICAL EVALUATION 
Having derived the similarity measures for each raga, we now 
evaluate the data, one raga at time, to empirically measure 
equality of variances using one-way ANOVA. This also 
establishes whether there’s any empirical difference between 
the proposed RagaDist measure and other string comparison 
methods used in the sections above. The post hoc analysis 
was then performed to observe differences in mean similarities 
of various methods. From the similarity matrix developed, we 
took the similarity measures for raga KANAKANGI with all 
other ragas for evaluating equality of variances. The table 
below illustrates the summary of similarity measures for raga 
KANAKANGI. 

 

# method N mean SD 

1 cosine 71 0.782 0.135 

2 jaccard 71 0.827 0.057 

3 jw 71 0.809 0.036 

4 lv 71 0.599 0.14 

5 qgram 71 0.599 0.14 

6 RD 71 0.73 0.07 

 
 

# method min Q1 median Q3 max 

1 cosine 0.494 0.694 0.796 0.916 0.982 

2 jaccard 0.714 0.809 0.809 0.894 0.894 

3 jw 0.767 0.788 0.798 0.824 0.897 

4 lv 0.375 0.5 0.625 0.75 0.875 

5 qgram 0.375 0.5 0.625 0.75 0.875 

6 RD 0.619 0.676 0.724 0.776 0.903 

 
Table 7: Summary statistics for similarity measures of Raga 

Kanakangi 
 

  

Fig 5: Box plot and residual plot of one way ANOVA, for 
similarity measures of raga Kanakangi 

 
Exploring the similarity measures of various string similarity 
measures and the proposed RagaDist for raga KANAKANGI 
illustrates that there might be a difference in means indicating 
that the way in which each method calculates similarity differs. 
The one-way ANOVA also indicates a significant difference in 
mean; F(5,420) = 67.2, p <0.001. The residual plot of the one-
way ANOVA model illustrates normally distributed errors. The 
post hoc analysis indicates that there’s significant difference (p 
<0.05) between RagaDist and all other methods, using tukey 
adjustments, as illustrated in the table below. 
 

 
contrast Estimate SE df t.ratio p.value 

1 
cosine - 
jaccard -0.045 0.018 420 -2.533 0.117 

2 cosine - jw -0.027 0.018 420 -1.530 0.644 

3 cosine - lv 0.183 0.018 420 10.358 <0.001 

4 
cosine - 
RD 0.052 0.018 420 2.958 0.038 

5 
cosine - 
qgram 0.183 0.018 420 10.358 <0.001 

6 
jaccard - 
jw 0.018 0.018 420 1.002 0.917 

7 jaccard - lv 0.228 0.018 420 12.891 <0.001 

8 
jaccard - 
RD 0.097 0.018 420 5.490 <0.001 

9 
jaccard - 
qgram 0.228 0.018 420 12.891 <0.001 

10 jw - lv 0.210 0.018 420 11.8889 <0.001 

11 jw - RD 0.079 0.018 420 4.488 <0.001 

12 jw - qgram 0.210 0.018 420 11.889 <0.001 

13 lv - RD -0.131 0.018 420 -7.400 <0.001 
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14 lv - qgram -1.4E-15 0.018 420 
-7.7E-
14 1 

15 
RD - 
qgram 0.131 0.018 420 7.400 <0.001 

Table 8: Summary statistics for similarity measures of raga 
Kanakangi 

 
We repeated the equality of variance measurements across all 
other ragas and table below illustrates outcome of one-way 
ANOVA. 
 

# Raga method residual F_stat p_value 

1 Kanakangi 5 420 67.2 <0.001 

2 Rathnangi 5 401 74.25 <0.001 

3 Ganamurthi 5 411 64.15 <0.001 

4 Vanaspathi 5 397 114.06 <0.001 

5 Manavathi 5 373 103.77 <0.001 

6 Thanarupi 5 409 91.31 <0.001 

7 Senavathi 5 401 75.81 <0.001 

8 Hanumathodi 5 397 89.13 <0.001 

9 Dhenuka 5 373 84.82 <0.001 

10 Natakapriya 5 397 104.29 <0.001 

11 Kokilapriya 5 369 128.32 <0.001 

12 Rupavathi 5 371 125.38 <0.001 

13 Gayakapriya 5 411 63.56 <0.001 

14 Vakulabharanam 5 373 84.23 <0.001 

15 MayamalavaGowla 5 409 59.91 <0.001 

16 Chakravakam 5 369 136.98 <0.001 

17 Suryakantam 5 371 103.5 <0.001 

18 Hatakambari 5 411 72.58 <0.001 

19 Jankaradhvani 5 397 115.14 <0.001 

20 Natabhairavi 5 397 104.93 <0.001 

21 Kiravani 5 369 138.1 <0.001 

22 Karaharapriya 5 401 90.04 <0.001 

23 Gowrimanohari 5 373 107.49 <0.001 

24 Varunapriya 5 371 140.41 <0.001 

25 Mararanjani 5 373 104.02 <0.001 

26 Charukeshi 5 369 132.18 <0.001 

27 Sarasangi 5 371 103.7 <0.001 

28 Harikambhoji 5 373 110.24 <0.001 

29 
Dhirashankarabhara
nam 

5 371 113.78 <0.001 

30 Naganandhini 5 377 91.05 <0.001 

31 Yagapriya 5 409 87.92 <0.001 

32 Ragavardhani 5 371 119.55 <0.001 

33 Gangeyabhushani 5 411 74.11 <0.001 

34 Vagadhisvari 5 371 135.91 <0.001 

35 Shulini 5 377 91.37 <0.001 

36 Chalanata 5 413 80.29 <0.001 

37 Salagam 5 401 87.64 <0.001 

38 Jalarnavam 5 397 103.28 <0.001 

39 Jalavarali 5 373 96.85 <0.001 

40 Navanitham 5 397 119.55 <0.001 

41 Pavani 5 369 145.88 <0.001 

42 Ragupriya 5 371 139.94 <0.001 

43 Gavambodhi 5 397 105.69 <0.001 

44 Bhavapriya 5 397 92.98 <0.001 

45 Shubhapanthuvarali 5 369 123.06 <0.001 

46 ShadhvidhaMargini 5 401 78.41 <0.001 

47 Suvarnangi 5 373 94.76 <0.001 

48 Dhivyamani 5 371 125.87 <0.001 

49 Dhavalambari 5 373 101.12 <0.001 

50 Namanarayani 5 369 125.36 <0.001 

51 Kamavardhini 5 371 98.3 <0.001 

52 Ramapriya 5 373 100.1 <0.001 

53 Gamanashrama 5 371 105.06 <0.001 

54 Vishvambhari 5 377 84.07 <0.001 

55 Shyamalangi 5 397 116.45 <0.001 

56 Shanmukapriya 5 401 78.57 <0.001 

57 
SimhendraMadhya
mam 

5 373 98.76 <0.001 

58 Hemavathi 5 420 68.12 <0.001 

59 Dharmavathi 5 411 71.8 <0.001 

60 Nithimathi 5 409 94.48 <0.001 

61 Kanthamani 5 369 144.48 <0.001 

62 Rishabhapriya 5 373 97.65 <0.001 

63 Lathangi 5 371 105.01 <0.001 

64 Vachaspathi 5 411 72.12 <0.001 

65 Mechakalyani 5 409 74.41 <0.001 

66 Chithrambari 5 411 79.91 <0.001 

67 Sucharithra 5 371 134.65 <0.001 

68 Jyothisvarupini 5 371 122.82 <0.001 

69 Dhatuvardhani 5 377 85.11 <0.001 

70 NasikaBhushani 5 409 93.31 <0.001 

71 Kosalam 5 411 82.85 <0.001 

72 Rasikapriya 5 413 80.34 <0.001 

Table 9: One-way ANOVA table 
 
Following the observed significance in one-way ANOVA, we 
performed t.test to confirm significant difference in mean 
similarities for each raga by comparing the similarity derived 
from RagaDist method with other methods. The table below 
illustrates the results. 
 

# Raga lv qgram cosine 

1 Kanakangi 
t = 7.05; df= 
103.05; p < 
0.001 

t = 7.05; df= 
103.05; p < 
0.001 

t = -2.9; df= 
105.27; p = 0.004 

2 Rathnangi 
t = 6.6; df= 
102.83; p < 
0.001 

t = 2.36; df= 
105.84; p = 
0.02 

t = -7.37; df= 
116.09; p < 0.001 
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3 Ganamurthi 
t = 6.61; df= 
102.05; p < 
0.001 

t = 3.87; df= 
100.79; p < 
0.001 

t = -5.47; df= 
107.64; p < 0.001 

4 Vanaspathi 
t = 6.69; df= 
100.09; p < 
0.001 

t = -2.43; 
df= 112.7; p 
= 0.017 

t = -13.9; df= 
130.13; p < 0.001 

5 Manavathi 
t = 6.6; df= 
102.83; p < 
0.001 

t = -2.57; 
df= 113.78; 
p = 0.011 

t = -13.81; df= 
132.3; p < 0.001 

6 Thanarupi 
t = 7.05; df= 
103.05; p < 
0.001 

t = 0.2; df= 
110.13; p = 
0.846 

t = -9.67; df= 
124.06; p < 0.001 

7 Senavathi 
t = 6.6; df= 
102.83; p < 
0.001 

t = 2.36; df= 
105.84; p = 
0.02 

t = -7.37; df= 
116.09; p < 0.001 

8 Hanumathodi 
t = 6.09; df= 
102.82; p < 
0.001 

t = -0.69; 
df= 111.88; 
p = 0.489 

t = -11.89; df= 
129.52; p < 0.001 

9 Dhenuka 
t = 6.01; df= 
102.45; p < 
0.001 

t = -1.11; df= 
106.91; p = 
0.269 

t = -12.51; df= 
127.64; p < 0.001 

10 Natakapriya 
t = 6.25; df= 
99.93; p < 
0.001 

t = -1.79; 
df= 110.48; 
p = 0.076 

t = -13.29; df= 
128.4; p < 0.001 

11 Kokilapriya 
t = 6.09; df= 
102.82; p < 
0.001 

t = -5.26; 
df= 124.5; p 
< 0.001 

t = -19.73; df= 
122.49; p < 0.001 

12 Rupavathi 
t = 6.6; df= 
102.83; p < 
0.001 

t = -3.91; 
df= 119.25; 
p < 0.001 

t = -16.96; df= 
132.7; p < 0.001 

13 Gayakapriya 
t = 6.61; df= 
102.05; p < 
0.001 

t = 3.87; df= 
100.79; p < 
0.001 

t = -5.47; df= 
107.64; p < 0.001 

14 Vakulabharanam 
t = 6.01; df= 
102.45; p < 
0.001 

t = -1.11; df= 
106.91; p = 
0.269 

t = -12.51; df= 
127.64; p < 0.001 

15 
MayamalavaGow
la 

t = 5.89; df= 
102.54; p < 
0.001 

t = 2.97; df= 
97.77; p = 
0.004 

t = -7.03; df= 
110.11; p < 0.001 

16 Chakravakam 
t = 6.24; df= 
99.17; p < 
0.001 

t = -5.56; 
df= 118.66; 
p < 0.001 

t = -21.11; df= 
127.42; p < 0.001 

17 Suryakantam 
t = 6.01; df= 
102.45; p < 
0.001 

t = -2.39; 
df= 112.33; 
p = 0.019 

t = -15.75; df= 
134; p < 0.001 

18 Hatakambari 
t = 6.61; df= 
102.05; p < 
0.001 

t = 2.56; df= 
105.67; p = 
0.012 

t = -7.4; df= 
118.31; p < 0.001 

19 Jankaradhvani 
t = 6.69; df= 
100.09; p < 
0.001 

t = -2.43; 
df= 112.7; p 
= 0.017 

t = -13.9; df= 
130.13; p < 0.001 

20 Natabhairavi 
t = 6.25; df= 
99.93; p < 
0.001 

t = -1.79; 
df= 110.48; 
p = 0.076 

t = -13.29; df= 
128.4; p < 0.001 

21 Kiravani 
t = 6.24; df= 
99.17; p < 
0.001 

t = -5.56; 
df= 118.66; 
p < 0.001 

t = -21.11; df= 
127.42; p < 0.001 

22 Karaharapriya 
t = 6.34; df= 
97.32; p < 
0.001 

t = 0.9; df= 
101.38; p = 
0.37 

t = -9.21; df= 
111.07; p < 0.001 

23 Gowrimanohari 
t = 6.25; df= 
99.93; p < 
0.001 

t = -3.14; 
df= 110.18; 
p = 0.002 

t = -14.76; df= 
130.12; p < 0.001 

24 Varunapriya 
t = 6.69; df= 
100.09; p < 
0.001 

t = -5.19; 
df= 117.9; p 
< 0.001 

t = -18.78; df= 
133.15; p < 0.001 

25 Mararanjani 
t = 6.6; df= 
102.83; p < 
0.001 

t = -2.57; 
df= 113.78; 
p = 0.011 

t = -13.81; df= 
132.3; p < 0.001 

26 Charukeshi 
t = 6.09; df= 
102.82; p < 
0.001 

t = -5.26; 
df= 124.5; p 
< 0.001 

t = -19.73; df= 
122.49; p < 0.001 

27 Sarasangi 
t = 6.01; df= 
102.45; p < 

t = -2.39; 
df= 112.33; 

t = -15.75; df= 
134; p < 0.001 

0.001 p = 0.019 

28 Harikambhoji 
t = 6.25; df= 
99.93; p < 
0.001 

t = -3.14; 
df= 110.18; 
p = 0.002 

t = -14.76; df= 
130.12; p < 0.001 

29 
Dhirashankarabh
aranam 

t = 6.09; df= 
102.82; p < 
0.001 

t = -3.33; 
df= 117.09; 
p = 0.001 

t = -16.46; df= 
133.38; p < 0.001 

30 Naganandhini 
t = 6.6; df= 
102.83; p < 
0.001 

t = -0.25; 
df= 113.54; 
p = 0.801 

t = -10.97; df= 
131.16; p < 0.001 

31 Yagapriya 
t = 7.05; df= 
103.05; p < 
0.001 

t = 0.2; df= 
110.13; p = 
0.846 

t = -9.67; df= 
124.06; p < 0.001 

32 Ragavardhani 
t = 6.6; df= 
102.83; p < 
0.001 

t = -3.91; 
df= 119.25; 
p < 0.001 

t = -16.96; df= 
132.7; p < 0.001 

33 
Gangeyabhusha
ni 

t = 6.61; df= 
102.05; p < 
0.001 

t = 2.56; df= 
105.67; p = 
0.012 

t = -7.4; df= 
118.31; p < 0.001 

34 Vagadhisvari 
t = 6.69; df= 
100.09; p < 
0.001 

t = -5.19; 
df= 117.9; p 
< 0.001 

t = -18.78; df= 
133.15; p < 0.001 

35 Shulini 
t = 6.6; df= 
102.83; p < 
0.001 

t = -0.25; 
df= 113.54; 
p = 0.801 

t = -10.97; df= 
131.16; p < 0.001 

36 Chalanata 
t = 7.05; df= 
103.05; p < 
0.001 

t = 4.97; df= 
111.07; p < 
0.001 

t = -4.46; df= 
115.63; p < 0.001 

37 Salagam 
t = 5.77; df= 
108.35; p < 
0.001 

t = 0.5; df= 
113.81; p = 
0.62 

t = -9.1; df= 
124.34; p < 0.001 

38 Jalarnavam 
t = 5.4; df= 
107.83; p < 
0.001 

t = -2.54; 
df= 119.8; p 
= 0.012 

t = -13.52; df= 
134.3; p < 0.001 

39 Jalavarali 
t = 5.45; df= 
106.83; p < 
0.001 

t = -2.83; 
df= 114.39; 
p = 0.006 

t = -14.06; df= 
132.61; p < 0.001 

40 Navanitham 
t = 5.38; df= 
105.12; p < 
0.001 

t = -3.84; 
df= 118.79; 
p < 0.001 

t = -15.13; df= 
133.85; p < 0.001 

41 Pavani 
t = 5.4; df= 
107.83; p < 
0.001 

t = -7.2; df= 
130.06; p < 
0.001 

t = -20.99; df= 
115.53; p < 0.001 

42 Ragupriya 
t = 5.77; df= 
108.35; p < 
0.001 

t = -5.9; df= 
126.7; p < 
0.001 

t = -18.5; df= 
128.16; p < 0.001 

43 Gavambodhi 
t = 5.4; df= 
107.83; p < 
0.001 

t = -2.54; 
df= 119.8; p 
= 0.012 

t = -13.52; df= 
134.3; p < 0.001 

44 Bhavapriya 
t = 4.95; df= 
107.56; p < 
0.001 

t = -1.91; 
df= 117.33; 
p = 0.059 

t = -12.96; df= 
133.1; p < 0.001 

45 
Shubhapanthuva
rali 

t = 4.91; df= 
107.02; p < 
0.001 

t = -5.51; 
df= 124.94; 
p < 0.001 

t = -19.98; df= 
122.04; p < 0.001 

46 
ShadhvidhaMargi
ni 

t = 5.01; df= 
104.66; p < 
0.001 

t = 0.68; df= 
107.84; p = 
0.498 

t = -9.17; df= 
118.26; p < 0.001 

47 Suvarnangi 
t = 4.95; df= 
107.56; p < 
0.001 

t = -3.21; 
df= 117.04; 
p = 0.002 

t = -14.33; df= 
133.75; p < 0.001 

48 Dhivyamani 
t = 5.4; df= 
107.83; p < 
0.001 

t = -5.22; 
df= 124.55; 
p < 0.001 

t = -17.95; df= 
129.86; p < 0.001 

49 Dhavalambari 
t = 5.45; df= 
106.83; p < 
0.001 

t = -2.83; 
df= 114.39; 
p = 0.006 

t = -14.06; df= 
132.61; p < 0.001 

50 Namanarayani 
t = 4.91; df= 
107.02; p < 
0.001 

t = -5.51; 
df= 124.94; 
p < 0.001 

t = -19.98; df= 
122.04; p < 0.001 

51 Kamavardhini 
t = 4.82; df= 
107.01; p < 
0.001 

t = -2.59; 
df= 112.65; 
p = 0.011 

t = -15.99; df= 
134; p < 0.001 
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52 Ramapriya 
t = 5.06; df= 
103.68; p < 
0.001 

t = -3.41; 
df= 110.78; 
p = 0.001 

t = -15.05; df= 
130.52; p < 0.001 

53 Gamanashrama 
t = 4.91; df= 
107.02; p < 
0.001 

t = -3.57; 
df= 117.62; 
p = 0.001 

t = -16.71; df= 
133.24; p < 0.001 

54 Vishvambhari 
t = 5.45; df= 
106.83; p < 
0.001 

t = -0.5; df= 
114.14; p = 
0.617 

t = -11.23; df= 
131.6; p < 0.001 

55 Shyamalangi 
t = 5.38; df= 
105.12; p < 
0.001 

t = -3.84; 
df= 118.79; 
p < 0.001 

t = -15.13; df= 
133.85; p < 0.001 

56 Shanmukapriya 
t = 5.01; df= 
104.66; p < 
0.001 

t = 0.68; df= 
107.84; p = 
0.498 

t = -9.17; df= 
118.26; p < 0.001 

57 
SimhendraMadh
yamam 

t = 5.06; df= 
103.68; p < 
0.001 

t = -3.41; 
df= 110.78; 
p = 0.001 

t = -15.05; df= 
130.52; p < 0.001 

58 Hemavathi 
t = 5; df= 
102.05; p < 
0.001 

t = 5; df= 
102.05; p < 
0.001 

t = -5.05; df= 
104.23; p < 0.001 

59 Dharmavathi 
t = 5.01; df= 
104.66; p < 
0.001 

t = 1.34; df= 
106.94; p = 
0.183 

t = -7.99; df= 
114.49; p < 0.001 

60 Nithimathi 
t = 5.38; df= 
105.12; p < 
0.001 

t = -1.63; 
df= 112.5; p 
= 0.106 

t = -11.65; df= 
126.36; p < 0.001 

61 Kanthamani 
t = 5.4; df= 
107.83; p < 
0.001 

t = -7.2; df= 
130.06; p = 
0 

t = -20.99; df= 
115.53; p < 0.001 

62 Rishabhapriya 
t = 4.95; df= 
107.56; p < 
0.001 

t = -3.21; 
df= 117.04; 
p = 0.002 

t = -14.33; df= 
133.75; p < 0.001 

63 Lathangi 
t = 4.91; df= 
107.02; p < 
0.001 

t = -3.57; 
df= 117.62; 
p = 0.001 

t = -16.71; df= 
133.24; p < 0.001 

64 Vachaspathi 
t = 5.01; df= 
104.66; p < 
0.001 

t = 1.34; df= 
106.94; p = 
0.183 

t = -7.99; df= 
114.49; p < 0.001 

65 Mechakalyani 
t = 4.95; df= 
107.56; p < 
0.001 

t = 0.14; df= 
111.06; p = 
0.888 

t = -9.68; df= 
124.98; p < 0.001 

66 Chithrambari 
t = 5.4; df= 
107.83; p < 
0.001 

t = 0.38; df= 
115.88; p = 
0.704 

t = -9.4; df= 
128.67; p < 0.001 

67 Sucharithra 
t = 5.77; df= 
108.35; p < 
0.001 

t = -5.9; df= 
126.7; p < 
0.001 

t = -18.5; df= 
128.16; p < 0.001 

68 Jyothisvarupini 
t = 5.4; df= 
107.83; p < 
0.001 

t = -5.22; 
df= 124.55; 
p < 0.001 

t = -17.95; df= 
129.86; p < 0.001 

69 Dhatuvardhani 
t = 5.45; df= 
106.83; p < 
0.001 

t = -0.5; df= 
114.14; p = 
0.617 

t = -11.23; df= 
131.6; p < 0.001 

70 NasikaBhushani 
t = 5.38; df= 
105.12; p < 
0.001 

t = -1.63; 
df= 112.5; p 
= 0.106 

t = -11.65; df= 
126.36; p < 0.001 

71 Kosalam 
t = 5.4; df= 
107.83; p < 
0.001 

t = 0.38; df= 
115.88; p = 
0.704 

t = -9.4; df= 
128.67; p < 0.001 

72 Rasikapriya 
t = 5.77; df= 
108.35; p < 
0.001 

t = 3.59; df= 
116.99; p < 
0.001 

t = -5.68; df= 
121.67; p < 0.001 

 

# Raga jaccard jw 

1 Kanakangi 
t = -9.08; df= 
134.18; p < 0.001 

t = -8.52; df= 
103.74; p < 0.001 

2 Rathnangi 
t = -13.92; df= 
120.18; p < 0.001 

t = -9.59; df= 
123.65; p < 0.001 

3 Ganamurthi 
t = -11.51; df= 
130.92; p < 0.001 

t = -9.35; df= 
115.21; p < 0.001 

4 Vanaspathi 
t = -15.85; df= 
120.98; p < 0.001 

t = -13.24; df= 
130.02; p < 0.001 

5 Manavathi 
t = -17.88; df= 
95.61; p < 0.001 

t = -12.11; df= 
122.55; p < 0.001 

6 Thanarupi 
t = -13.05; df= 
126.62; p < 0.001 

t = -11.99; df= 
121.75; p < 0.001 

7 Senavathi 
t = -13.92; df= 
120.18; p < 0.001 

t = -10.34; df= 
119.72; p < 0.001 

8 Hanumathodi 
t = -13.34; df= 
121.43; p < 0.001 

t = -11.16; df= 
132.9; p < 0.001 

9 Dhenuka 
t = -16.71; df= 
98.73; p < 0.001 

t = -11.1; df= 
130.84; p < 0.001 

10 Natakapriya 
t = -15.18; df= 
122.15; p < 0.001 

t = -13.46; df= 
130.19; p = 0 

11 Kokilapriya 
t = -17.37; df= 
96.63; p < 0.001 

t = -12.43; df= 
128.03; p < 0.001 

12 Rupavathi 
t = -17.88; df= 
95.61; p < 0.001 

t = -13.8; df= 
123.87; p < 0.001 

13 Gayakapriya 
t = -11.51; df= 
130.92; p < 0.001 

t = -9.01; df= 
117.21; p < 0.001 

14 Vakulabharanam 
t = -16.71; df= 
98.73; p < 0.001 

t = -10.82; df= 
127.96; p < 0.001 

15 
MayamalavaGow
la 

t = -10; df= 132.88; 
p < 0.001 

t = -10.06; df= 
128.93; p < 0.001 

16 Chakravakam 
t = -18.85; df= 
99.41; p < 0.001 

t = -13.56; df= 
127.16; p < 0.001 

17 Suryakantam 
t = -16.71; df= 
98.73; p < 0.001 

t = -12.46; df= 
128.44; p < 0.001 

18 Hatakambari 
t = -11.51; df= 
130.92; p < 0.001 

t = -10.32; df= 
128.96; p < 0.001 

19 Jankaradhvani 
t = -15.85; df= 
120.98; p < 0.001 

t = -13.64; df= 
124.07; p < 0.001 

20 Natabhairavi 
t = -15.18; df= 
122.15; p < 0.001 

t = -13.64; df= 
134.25; p < 0.001 

21 Kiravani 
t = -18.85; df= 
99.41; p < 0.001 

t = -14.08; df= 
131.43; p < 0.001 

22 Karaharapriya 
t = -17.2; df= 
122.83; p < 0.001 

t = -14.4; df= 
126.63; p < 0.001 

23 Gowrimanohari 
t = -19.52; df= 
97.27; p < 0.001 

t = -13.73; df= 
125.25; p < 0.001 

24 Varunapriya 
t = -20.11; df= 
96.25; p < 0.001 

t = -15.1; df= 
127.15; p < 0.001 

25 Mararanjani 
t = -17.88; df= 
95.61; p < 0.001 

t = -12.17; df= 
116.12; p < 0.001 

26 Charukeshi 
t = -17.37; df= 
96.63; p < 0.001 

t = -13.52; df= 
117.54; p < 0.001 

27 Sarasangi 
t = -16.71; df= 
98.73; p < 0.001 

t = -12.52; df= 
126.7; p < 0.001 

28 Harikambhoji 
t = -19.52; df= 
97.27; p < 0.001 

t = -14.75; df= 
124.65; p < 0.001 

29 
Dhirashankarabh
aranam 

t = -17.37; df= 
96.63; p < 0.001 

t = -13.56; df= 
126.53; p < 0.001 

30 Naganandhini 
t = -17.88; df= 
95.61; p < 0.001 

t = -12.06; df= 
121.92; p < 0.001 

31 Yagapriya 
t = -13.05; df= 
126.62; p < 0.001 

t = -10.52; df= 
118.93; p < 0.001 

32 Ragavardhani 
t = -17.88; df= 
95.61; p < 0.001 

t = -11.75; df= 
123.84; p < 0.001 

33 
Gangeyabhusha
ni 

t = -11.51; df= 
130.92; p < 0.001 

t = -10.94; df= 
130.18; p < 0.001 

34 Vagadhisvari 
t = -20.11; df= 
96.25; p < 0.001 

t = -13.51; df= 
124.42; p < 0.001 

35 Shulini 
t = -17.88; df= 
95.61; p < 0.001 

t = -12.11; df= 
129.84; p < 0.001 

36 Chalanata 
t = -13.05; df= 
126.62; p < 0.001 

t = -10.19; df= 
112.62; p < 0.001 

37 Salagam 
t = -15.7; df= 
114.44; p < 0.001 

t = -13.09; df= 
113.99; p < 0.001 

38 Jalarnavam 
t = -15.08; df= 
116.36; p < 0.001 

t = -13.26; df= 
123.64; p < 0.001 

39 Jalavarali 
t = -18.18; df= 
95.33; p < 0.001 

t = -12.63; df= 
122.03; p < 0.001 

40 Navanitham 
t = -17.1; df= 
117.08; p < 0.001 

t = -15.4; df= 
120.59; p < 0.001 

41 Pavani t = -18.81; df= t = -14.49; df= 
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92.91; p < 0.001 116.82; p < 0.001 

42 Ragupriya 
t = -19.33; df= 
91.69; p < 0.001 

t = -15.23; df= 
115.2; p < 0.001 

43 Gavambodhi 
t = -15.08; df= 
116.36; p < 0.001 

t = -14.04; df= 
123.58; p < 0.001 

44 Bhavapriya 
t = -14.47; df= 
118.1; p < 0.001 

t = -13.02; df= 
122.53; p < 0.001 

45 
Shubhapanthuva
rali 

t = -17.65; df= 
96.38; p < 0.001 

t = -13.35; df= 
125.49; p < 0.001 

46 
ShadhvidhaMargi
ni 

t = -16.41; df= 
118.82; p < 0.001 

t = -12.85; df= 
114.62; p < 0.001 

47 Suvarnangi 
t = -18.29; df= 
94.08; p < 0.001 

t = -12.76; df= 
112.98; p < 0.001 

48 Dhivyamani 
t = -18.81; df= 
92.91; p < 0.001 

t = -14.32; df= 
117.17; p < 0.001 

49 Dhavalambari 
t = -18.18; df= 
95.33; p < 0.001 

t = -14.15; df= 
120.48; p < 0.001 

50 Namanarayani 
t = -17.65; df= 
96.38; p < 0.001 

t = -13.96; df= 
117.43; p < 0.001 

51 Kamavardhini 
t = -16.99; df= 98.6; 
p < 0.001 

t = -13.37; df= 
129.49; p < 0.001 

52 Ramapriya 
t = -19.85; df= 97; p 
< 0.001 

t = -13.99; df= 
118.88; p < 0.001 

53 Gamanashrama 
t = -17.65; df= 
96.38; p < 0.001 

t = -13.35; df= 
122.15; p < 0.001 

54 Vishvambhari 
t = -18.18; df= 
95.33; p < 0.001 

t = -12.38; df= 
121.72; p < 0.001 

55 Shyamalangi 
t = -17.1; df= 
117.08; p < 0.001 

t = -14.34; df= 
120.85; p < 0.001 

56 Shanmukapriya 
t = -16.41; df= 
118.82; p < 0.001 

t = -12.9; df= 
116.05; p < 0.001 

57 
SimhendraMadh
yamam 

t = -19.85; df= 97; p 
< 0.001 

t = -13.44; df= 
122.81; p < 0.001 

58 Hemavathi 
t = -12.8; df= 
135.04; p < 0.001 

t = -12.66; df= 
105.65; p < 0.001 

59 Dharmavathi 
t = -14.88; df= 
126.7; p < 0.001 

t = -12.5; df= 
109.16; p < 0.001 

60 Nithimathi 
t = -15.6; df= 
124.79; p < 0.001 

t = -14.08; df= 
121.69; p < 0.001 

61 Kanthamani 
t = -18.81; df= 
92.91; p < 0.001 

t = -13.98; df= 
114.43; p < 0.001 

62 Rishabhapriya 
t = -18.29; df= 
94.08; p < 0.001 

t = -13.88; df= 
109.31; p < 0.001 

63 Lathangi 
t = -17.65; df= 
96.38; p < 0.001 

t = -13.33; df= 
121.26; p < 0.001 

64 Vachaspathi 
t = -14.88; df= 
126.7; p < 0.001 

t = -12.63; df= 
110.82; p < 0.001 

65 Mechakalyani 
t = -13.02; df= 
125.91; p < 0.001 

t = -12.49; df= 
114.83; p < 0.001 

66 Chithrambari 
t = -13.65; df= 
123.99; p < 0.001 

t = -11.9; df= 
121.18; p < 0.001 

67 Sucharithra 
t = -19.33; df= 
91.69; p < 0.001 

t = -13.59; df= 
115.62; p < 0.001 

68 Jyothisvarupini 
t = -18.81; df= 
92.91; p < 0.001 

t = -13.27; df= 
115.11; p < 0.001 

69 Dhatuvardhani 
t = -18.18; df= 
95.33; p < 0.001 

t = -12.66; df= 
128.02; p < 0.001 

70 NasikaBhushani 
t = -15.6; df= 
124.79; p < 0.001 

t = -13.71; df= 
114.23; p < 0.001 

71 Kosalam 
t = -13.65; df= 
123.99; p < 0.001 

t = -13.01; df= 
119.73; p < 0.001 

72 Rasikapriya 
t = -14.3; df= 
121.85; p < 0.001 

t = -11.63; df= 
107.26; p < 0.001 

Table 10: t-Test results 
 
3.2 HIERARCHICAL CLUSTERING, PAM AND MULTI-DIMENSIONAL 

SCALING 
To further analyze similarities between Melakarta ragas, 
hierarchical clustering was performed on the similarity matrix 
derived using RagaDist similarity calculation. We considered 
various linkage methods such as single linkage, complete 

linkage, average, centroid, media and mcquitty to perform this 
comparison.  The dendrogram plots of each methods is 
illustrated below. 

linkage=single linkage=complete linkage=average 

   

linkage=mcquitty linkage=median linkage=ward 

   

Fig 6: Cluster Dendrograms of various linkage methods using 
RagaDist similarity 

 
We analyzed ragas in first sub group, known as Indu chakra, 
under Group I (illustrated in table below) to determine how 
various linkage methods clusters them. The characteristic 
feature of this group is that there are only 2 notes that 
distinguishes a raga from another viz. ―Dha‖ and ―Ni‖ with all 
three variants of each used. 

 
# Raga Arohan

am 
Avaroh
anam 

w
a
r
d 

si
n
gl
e 

co
mpl
ete 

av
era
ge 

mc
qui
tty 

m
edi
an 

Ce
ntr
oid 

1 
KANA
KAN
GI 

SR1G1
M1PD1
N1S 

SN1D1
PM1G1
R1S 

1 1 1 1 1 1 1 

2 
RATH
NAN
GI 

SR1G1
M1PD1
N2S 

SN2D1
PM1G1
R1S 

1 1 1 1 1 1 1 

3 
GAN
AMU
RTHI 

SR1G1
M1PD1
N3S 

SN3D1
PM1G1
R1S 

2 1 2 2 1 1 2 

4 
VANA
SPAT
HI 

SR1G1
M1PD2
N2S 

SN2D2
PM1G1
R1S 

3 2 3 3 2 1 3 

5 
MAN
AVAT
HI 

SR1G1
M1PD2
N3S 

SN3D2
PM1G1
R1S 

2 1 2 2 3 1 2 

6 
THAN
ARU
PI 

SR1G1
M1PD3
N3S 

SN3D3
PM1G1
R1S 

2 1 2 2 3 1 2 

Table 11: Cluster assignment for 1st sub group of Melakarta 
ragas (Indu chakra) 

 
Ward linkage method clusters ragas GANAMURTHI, 
MANAVATHI and THANARUPI into a single cluster primarily 
because of the variant of ―Ni‖, note N3, as it gets more 
weightage during the clustering process. This was confirmed 
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by the ragas that were clustered into second cluster using 
ward linkage method. All those ragas had note ―N3‖ in its 
semantic structure. However when it comes to the mcquitty 
method (McQuitty, 1996) which takes a simple and unweighted 
average of previous similarities or distances (i.e. S(P+Q,R) = 
0.5(s(P,R)+s(Q,R)) where P,Q and R are clusters) , the 
combination of ―Dha‖ and ―Ni‖ are taken into account. For e.g. 
the ragas that were clustered into second cluster using 
mcquitty method had ―D2N2‖ as a recurring pattern. We further 
evaluated Levenshtein distance and RagaDist metrics using 
Partition Around Medoids (PAM) clustering approach 
(Kaufman and Rousseeuw, 1987) that partitions the dataset of 
n objects into k clusters, where both the dataset and the 
number k is an input of the algorithm. This algorithm works 
with a matrix of dissimilarity, whose goal is to minimize the 
overall dissimilarity between the representation of each cluster 
and its members.  
The algorithm uses the following model to solve the problem:  

F(x) = minimize ∑ ∑ d(i, j)zij 
  

 

  
 

 
Where F(x) is the main function to minimize, d (i, j) is 

the dissimilarity measurement between the entities i and j, and 
zij is a variable that ensures that only the dissimilarity between 
entities from the same cluster will be computed in the main 
function.  PAM clustering was performed using R and the 
output is evaluated using silhouette plot. 
Levenshtein Distance 

 
RD 

 

 

Fig 7: Silhouette plots – PAM clustering – Levenshtein and 
RagaDist measures 

 
The average silhouette width for Levenshtein distance was 
0.13 and RD distance was 0.26, for n=72. The plots also 
indicated that the number of ragas that were mis-classified or 
belonging to wrong cluster were 2 for RagaDist (indicated by 
negative bars on the silhouette plot) as compared to 16. Both 
these inferences may indicate that RagaDist may be able to 
group Melakarta ragas better in comparison with Levenshtein 
distance there by suggesting that that RagaDist may be able 
to quantify the similarity more rationally as compared to other 
string similarity methods.  To further evaluate this inference, 
we performed metric and non-metric Multi-Dimensional 
Scaling (MDS) to assess how each Levenshtein distance and 
RagaDist measures finds similarities between ragas. MDS is a 
technique widely used to evaluate similarities between 
observations in a high dimensional dataset. There are 2 types 
of MDS – metric and non-metric. We considered both methods 
to evaluate differences in similarities derived by Levenshtein 
and RagaDists. Number of dimensions considered (k) was 2. 
For performing metric MDS, the cmdscale function in stats 
package in R was used and for non-metric MDS, metaMDS 
function of vegan package in R was used. In addition, for non-
metric MDS, stress plot (essentially a Shepard plot) was used 
to evaluate linear fit of observed similarity vs observed 
distance. 
 

Metric MDS – LV 

 
Non-Metric MDS – LV : Stress Plot 
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Non-Metric MDS – LV :Model Plot 

 

 
Metric MDS – RD 

 
Non-Metric MDS – RD: Stress Plot 

 
Non-Metric MDS – RD: Model Plot 

 
Fig 8: Metric vs Non-Metric MDS comparisons for both 

Levenshtein and RagaDist 
 
For raga similarities derived using Levenshtein Distance, the 
scatter plot for Metric MDS (considering 2 dimensions) 
illustrates that similarities are scattered across the plot 
whereas the same for RagaDist illustrates specific clusters of 
ragas indicating RagaDist may be more sensitive to similarities 
as compared to LV. The stress plot / Shepard plot for Non-
metric MDS for LV data indicates discrete instances of 
observed similarity with high variance in observed distance for 
each instance of observed similarity. The discrete values of 
similarity impact the regression lines, indicating that regression 
fit is more piecewise than a continuous (non-metric R

2
=0.88, 

Linear fit R
2
=0.29). However, for RagaDist, the variance in 

observed distance is extremely small and regression line fits 
better (non-metric R

2
=1, Linear fit R

2
=1) than the LV data, 

indicating a more reliable similarity measure. Based on the 
outcome of hierarchical clustering, PAM and MDS, it is inferred 
that the proposed method of RagaDist can be used to quantify 
similarities between Melakarta ragas. 
 
3.3 EVALUATING RAGADIST (RD) ON VALIDATION DATA 
An evaluation was performed to quantify similarity on 25 sets 
of ragas that were classified by experts (Ram, 2020) as similar 
using RD and LV methods. The similarity measures and 
classification are illustrated in the table below with the 
Similarity class based on RagaDist. 
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# Base Raga Comparison 
Raga 

LV RD Sim 
Class 

1 Abhogi: 
 
AR:SR2G2M1D2S 
AV:SD2M1G2R2S 

Sriranjani: 
 
AR:SR2G2M1D2
N2S 
AV:SN2D2M1G2
R2S 

0.8
8 

0.91 H 

2 AnandaBhairavi: 
 
AR:SG2R2G2M1P
D2PS 
AV:SN2D2PM1G2
R2S 

Reethigowlai: 
 
AR:SG2R2G2M
1N2N2S 
AV:SN2D2M1G2
M1PM1G2R2S 

0.8
4 

0.88 H 

3 Arabhi: 
 
AR:SR2M1PD2S 
AV:SN3D2PM1G3
R2S 

Devagandhari: 
 
AR:SR2M1PD2S 
AV:SN3D2N2D2
PM1G3R2S 

0.9
3 

0.97 VH 

4 Arabhi: 
 
AR:SR2M1PD2S 
AV:SN3D2PM1G3
R2S 

SuddhaSaveri: 
 
AR:SR2M1PD2S 
AV:SD2PM1R2S 

0.8
8 

0.93 H 

5 Bahudari: 
 
AR:SG3M1PD2N2
S 
AV:SN2PM1G3S 

Nagaswarali: 
 
AR:SG3M1PD2
S 
AV:SD2PM1G3S 

0.9
5 

0.91 H 

6 Bahudari: 
 
AR:SG3M1PD2N2
S 
AV:SN2PM1G3S 

GambheeraNatt
ai: 
 
AR:SG3M1PN3
S 
AV:SN3PM1G3S 

0.9
1 

0.86 H 

7 Nagaswarali: 
 
AR:SG3M1PD2S 
AV:SD2PM1G3S 

GambheeraNatt
ai: 
 
AR:SG3M1PN3
S 
AV:SN3PM1G3S 

0.8
8 

0.86 H 

8 Devagandhari: 
 
AR:SR2M1PD2S 
AV:SN3D2N2D2P
M1G3R2S 

SuddhaSaveri: 
 
AR:SR2M1PD2S 
AV:SD2PM1R2S 

0.8
6 

0.93 H 

9 Bhairavi: 
 
AR:SG2R2G2M1P
D2N2S 
AV:SN2D1PM1G2
R2S 

Mukhari: 
 
AR:SR2M1PN2
D2S 
AV:SN2D1PM1G
2R2S 

0.8
9 

0.97 VH 

10 Bowli: 
 
AR:SR1G3PD1S 
AV:SN3D1PG3R1S 

Bhoopalam: 
 
AR:SR1G2PD1S 
AV:SD1PG2R1S 

0.8
5 

0.85 H 

11 Bowli: 
 
AR:SR1G3PD1S 
AV:SN3D1PG3R1S 

Revagupti: 
 
AR:SR1G3PD1S 
AV:SD1PG3R1S 

0.9
1 

0.94 H 

12 Bhoopalam: 
 
AR:SR1G2PD1S 
AV:SD1PG2R1S 

Revagupti: 
 
AR:SR1G3PD1S 
AV:SD1PG3R1S 

0.9
4 

0.85 H 

13 Sowrashtram: 
 
AR:SR1G3M1PM1
D2N3S 
AV:SN3D2N2D2P
M1G3R1S 

Chakravakam: 
 
AR:SR1G3M1P
D2N2S 
AV:SN2D2PM1G
3R1S 

0.8
8 

0.90 H 

14 ChalaNattai: 
 
AR:SR3G3M1PD3
N3S 
AV:SN3D3PM1G3

Rasikapriya: 
 
AR:SR3G3M2P
D3N3S 
AV:SN3D3PM2G

0.9
6 

0.81 H 

R3S 3R3S 

15 ChalaNattai: 
 
AR:SR3G3M1PD3
N3S 
AV:SN3D3PM1G3
R3S 

GambheeraNatt
ai: 
 
AR:SG3M1PN3
S 
AV:SN3PM1G3S 

0.7
9 

0.95 H 

16 Rasikapriya: 
 
AR:SR3G3M2PD3
N3S 
AV:SN3D3PM2G3
R3S 

GambheeraNatt
ai: 
 
AR:SG3M1PN3
S 
AV:SN3PM1G3S 

0.7
5 

0.79 H 

17 Sarasangi: 
 
AR:SR2G3M1PD1
N3S 
AV:SN3D1PM1G3
R2S 

Charukesi: 
 
AR:SR2G3M1P
D1N2S 
AV:SN2D1PM1G
3R2S 

0.9
6 

0.89 H 

18 Dharmavati: 
 
AR:SR2G2M2PD2
N3S 
AV:SN3D2PM2G2
R2S 

Madhuvanti: 
 
AR:SG2M2PN3
S 
AV:SN3D2PM2G
2R2S 

0.9
1 

0.95 VH 

19 GambheeraNattai: 
 
AR:SG3M1PN3S 
AV:SN3PM1G3S 

Thilang: 
 
AR:SG3M1PN3
S 
AV:SN2PM1G3S 

0.9
8 

0.93 H 

20 Sunadavinodini: 
 
AR:SG3M2D2N3S 
AV:SN3D2M2G3S 

Hamsanandi: 
 
AR: 
SR1G3M2D2N3
S 
AV:SN3D2M2G3
R1S 

0.9
4 

0.87 H 

21 Hindolam: 
 
AR:SG2M1D1N2S 
AV:SN2D1M1G2S 

Jayanthashri: 
 
AR:SG2M1D1N2
S 
AV:SN2D1M1PM
1G2S 

0.9
4 

0.94 H 

22 Hindolam: 
 
AR:SG2M1D1N2S 
AV:SN2D1M1G2S 

Surya: 
 
AR:SG3M1D1N2
S 
AV:SN2D1M1G3
S 

0.9
4 

0.85 H 

23 Jaganmohini: 
 
AR:SG3M1PN3S 
AV:SN3PM1G3R1
S 

KamalaManohari
: 
 
AR:SG3M1PN3
S 
AV:SN3D1PM1G
3S 

0.9
4 

0.93 H 

24 Kalyani: 
 
AR:SR2G3M2PD2
N3S 
AV:SN3D2PM2G3
R2S 

Vachaspati: 
 
AR:SR2G3M2P
D2N2S 
AV:SN2D2PM2G
3R2S 

0.9
0 

0.88 H 

25 Lathangi: 
 
AR:SR2G3M2PD1
N3S 
AV:SN3D1PM2G3
R2S 

Vachaspati: 
 
AR:SR2G3M2P
D2N2S 
AV:SN2D2PM2G
3R2S 

0.8
6 

0.83 H 

Table 12: Similarity quantification and classification using 
RagaDist 

. 

4 CONCLUSION 
Based on the evaluation results, it can be concluded that a 
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cut-off of 0.79 would be appropriate to determine whether two 
ragas are similar or not based on the semantic structure. i.e. to 
distinguish whether a raga belong to similarity class VH (Very 
High similarity) or H (High similarity). Though the hierarchical 
clustering methods indicated some differences between the 
similarity calculation methods, the Multi-Dimensional Scaling 
(MDS) assisted better in evaluating the similarities derived. As 
the digital foot print of music in general is growing, we envision 
that the presence of a similarity quantification and 
classification method, like RagaDist, would be highly beneficial 
on several circumstances. For e.g.RagaDist can be used to 
extract and create custom playlist in a streaming service if a 
listener wants to listen to songs that are based on a particular 
level of raga similarity. Raga similarity measures can also be 
applied in musicology for studying correlation between ragas 
and human emotions thereby building a model that can map 
music to emotion. We also recommend that the future work 
analyze RagaDist similarity on more Janya ragas, which 
essentially are derived from Melakarta ragas. In addition, a 
detailed study needs to be performed using multivariate 
techniques like factor analysis – both exploratory and 
confirmatory –and to derive a Structural Equation Model 
(SEM) that can represent underlying nuances of the Karnatik 
raga scheme.  
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