
Antipattern Discovery

in Ethiopian Bagana Songs

Darrell Conklin1,2 and Stéphanie Weisser3
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Abstract. This paper develops and applies sequential pattern mining
to a corpus of songs for the bagana, a large lyre played in Ethiopia. An
important aspect of this repertoire is the unique availability of rare motifs
that have been used by a master bagana teacher in Ethiopia. The method
is applied to find antipatterns: patterns that are surprisingly rare in a
corpus of bagana songs. In contrast to previous work, this is performed
without an explicit set of background pieces. The results of this study
show that data mining methods can reveal with high significance these
antipatterns of interest based on the computational analysis of a small
corpus of bagana songs.

1 Introduction

Sequences are a special form of data that require specific attention with respect
to alternative representations and data mining techniques. Sequential pattern
mining methods [2,1,19] can be used to find frequent and significant patterns
in datasets of sequences, and also sequential patterns that contrast one data
group against another [16,23]. In music, sequential pattern discovery methods
have been used for the analysis of single pieces [9], for the analysis of a corpus of
pieces [8], and also to find short patterns that can be used to classify melodies
[21,22,18,7].

Further to standard pattern discovery methods, which search for frequent
patterns satisfying minimum support thresholds [24], another area of interest is
the discovery of rare patterns. This area includes work on rare itemset mining
[14] and negative association rules [4]. For sequence data, rare patterns have
not seen as much attention, but are related to unwords [15] in genome research
(i.e. absent words that are not subsequences of any other absent word), and
antipatterns [10] in music (patterns that are surprisingly rare in a corpus of
music pieces). Antipatterns may represent structural constraints of a music style
and can therefore be useful for classification and generation of new pieces.

The Ethiopian lyre bagana is played by the Amhara, inhabitants of the Cen-
tral and Northern part of the country. The bagana is a large lyre, equipped with
ten gut strings, most of them plucked with the fingers. According to Amhara
tradition, the bagana is the biblical instrument played by King David and was
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brought to Ethiopia, together with the Ark of Covenant, by the legendary Em-
peror Menelik, mythical son of King Solomon and Queen of Sheba. The bagana
belongs to the spiritual sphere of Amhara music, even though it is not played
during liturgical ceremonies. Because of its mythical origin and connection to the
divine, the bagana is highly respected, as the instrument of kings and nobles,
played by pious men and women of letters [26].

The analysis of the learning process used by the most revered player, Alemu
Aga, has shown that the first phase of this process is based on exercises com-
posed of short motifs [25]. These exercises correspond, according to Alemu Aga,
to motifs that are either frequently or rarely encountered in his real bagana
songs. They are meant to familiarize the student with the playing technique, the
numbered notational system (see below) as well as with the sound colour of the
instrument, which is, due to its buzzing quality, unique in the Amhara musical
systems.

The study of a bagana corpus provides a unique opportunity for evaluation
of pattern discovery techniques, because there exist known rare motifs that also
have functional significance. The aim of this paper is to explore whether sequen-
tial pattern discovery methods, specifically methods for the discovery of rare or
absent patterns in music [10], can reveal the known rare patterns and possibly
other rare patterns in a corpus of bagana songs.

Fig. 1. The Ethiopian lyre bagana
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2 Bagana Background

This section provides some background on the Ethiopian bagana, presenting
how the fingers are assigned to strings, the tuning and scales of the bagana, and
finally the encoding of a corpus of bagana songs for computational analysis.

2.1 Bagana Notation

The bagana has 10 strings which are plucked by the left hand, with the fingers
numbered from 1 (thumb) to finger 5 as described in Table 1.

Table 1. Fingering of the bagana, with finger numbers assigned to string numbers

string 1 2 3 4 5 6 7 8 9 10

fingering 1 r 2′ 2 r 3 r 4 r 5

In Table 1, “r” (for “rest”) indicates a string that is not played, but rather
is used as a rest for the finger after it plucks the string immediately next to
it. Strings 3 and 4 are both played by finger number 2 (string 3 being therefore
notated as finger 2′), otherwise the assignment of finger number to string number
is fixed.

Table 2. Tuning of the bagana, in two different scales, and the nearest Western tem-
pered note corresponding to the degrees of the scales

finger 1 2′ or 2 3 4 5

string 1 3 or 4 6 8 10

scale tezeta E/F C D A G

scale anchihoye F C D� G� A

scale degree 3̂ 1̂ 2̂ 5̂ 4̂

As with the other Amhara instruments, the bagana is tuned to a traditional
pentatonic scale. Usually, the player chooses between the tezeta scale and the
anchihoye scale. Tezeta is anhemitonic (without semitones) and is relatively close
to Western tempered degrees (see Table 2). Anchihoye, however, is more complex
and comprises two intervals smaller than the Western tempered tone.

To illustrate the notation in Table 2, for example, in the tezeta scale the
ascending pentatonic scale (C, D, F, G, A) would be notated by the sequence
(2, 3, 1, 5, 4). The scale degree notation is also useful to measure the diatonic
interval between two strings, as will be used in Section 4.

Figure 2 shows the placement of the left hand on the 10 bagana strings, along
with the information from Table 2: the finger numbering used, and the notes
played by the fingers.
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Fig. 2. Placement of left hand on the strings of the bagana

2.2 Bagana Corpus

Bagana songs, also called yebagana mezmurotch in Amharic, are based on a
relatively short melody, repeated several times with different lyrics, except for
the refrain (azmatch) for which the lyrics do not vary. Bagana songs are usually
preceded by instrumental preludes, called derdera (pl. derderotch). The analyzed
corpus comprises 29 melodies of bagana songs performed by 7 players (5 men,
2 women), and 8 derderotch. These 37 pieces were recorded by Weisser [25]
between 2002 and 2005 in Ethiopia (except for 2 of them recorded in Washington
DC). In this paper, no differentiation will be made between derdera and bagana
songs. A total of 1903 events (finger numbers) are encoded within the 37 pieces
(events per song: μ = 51, σ = 30, min = 13, max = 121). Figure 3 shows
an example of a fragment of a bagana song, encoded as a sequence of finger
numbers, corresponding to the fingering of the song.

Fig. 3. A short fragment encoded in score and finger notation, from the beginning of
the song Abatachen Hoy (“Our Father”), one of the most important bagana songs, as
performed by Alemu Aga (voice not shown). Transcribed in 2006 (see [27]).
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2.3 Rare Motifs

Table 3 shows four motifs that correspond, according to the bagana master
Alemu Aga, to motifs that are rarely encountered in his real bagana songs and are
used during practice to strengthen the fingers with unusual finger configurations
[25]. The first two motifs in Table 3 are short bigram patterns. In Section 4 it
will be explored whether these two rare patterns can be discovered from corpus
analysis. The third and fourth motifs of Table 3 (bottom) correspond to longer
pentagram patterns that form ascending and descending pentatonic scales and
are also used for didactic purposes. Since most pentagram patterns will be rare
in a small corpus, an additional question that will be explored in Section 4 is
whether these two pentagram patterns are surprisingly rare.

Table 3. Rare motifs, from [25], page 50

Motifs in numeric notation

First exercise (1, 4)
Second exercise (1, 2)
Third exercise (2, 3, 1, 5, 4)
Fourth exercise (4, 5, 1, 3, 2)

3 Antipattern Mining

In this work we apply data mining to discover antipatterns in the bagana corpus.
The task is an instance of supervised descriptive rule discovery [20], a relatively
new paradigm for data mining which unifies the areas of subgroup discovery [17],
contrast set mining [6,12], and emerging pattern mining [13].

Referring to Figure 4, in the supervised descriptive mining paradigm, data
may be partitioned into two sets, an analysis class ⊕ with n⊕ objects, and a back-
ground set � with n� objects. The partitioning is flexible and the background
set may contain instances labelled with multiple different classes. A pattern is a
predicate that is satisfied by certain data objects. The number of occurrences of
a pattern P in the set ⊕ is given by c⊕P , and in the set � by c�P . The goal is to
discover patterns predictive of the ⊕ class, covering as few of the � objects as
possible. If under- rather than over-represented patterns are desired, the reversal
of the roles of the analysis and background classes � and ⊕ can naturally lead
to the discovery of patterns frequent in � and rare or absent from ⊕ [10]. In this
case the inner box of Figure 4 would be shifted downwards into the � region.

In the original studies of subgroup discovery and contrast data mining
[17,6,13] objects and subgroups are described using attribute-value representa-
tions. Later work has shown that contrast data mining can be applied to sequence
data: Ji et al. [16] considerminimal distinguishing subsequence patterns and Deng
and Zäıane [11] consider emerging sequences (sequential patterns frequent in one
group but infrequent in another).
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analysis class ⊕ (corpus)

n�

pattern P

n⊕c⊕P

c�P

background � (anticorpus)

Fig. 4. The schema for contrast set mining, showing the major regions of objects
involved. The top part of the outer box encloses data labelled with the class of interest,
below this the background. The inner box contains the objects described by a pattern,
and the top part of the inner box the contrast set described by a discovered pattern.

Music can be represented as sequences of events for the purposes of supervised
descriptive data mining. In music the analysis and background set are called the
corpus and anticorpus (Figure 4). In pattern discovery in music, the counting
of pattern occurrences can be done in two ways [9]: either by considering piece
count (the number of pieces containing the pattern one or more times, i.e. analo-
gous to the standard definition of pattern support in sequential pattern mining)
or by considering total count (the total number of positions matched by the pat-
tern, also counting multiple occurrences within the same piece). The latter is
used when a single music piece is the target of analysis. For the bagana, even
though several pieces are available, total count is used, because we consider that
a motif is frequent (or rare) if it is frequently (or rarely) encountered within any
succession of events. Therefore in this study the set ⊕ (resp., �) comprises all
suffixes in the corpus (anticorpus), and practically n⊕ (n�) is therefore the total
number of suffixes in the corpus (anticorpus), and c⊕P (c�P ) the total number of
sequences in ⊕ (�) for which the pattern P is a prefix. In this study overlapping
pattern occurrences are excluded from the total count of a pattern.

For antipattern mining of bagana songs, unlike for previous antipattern mining
studies with Basque folk songs [10], an interesting and important feature is that
there is no naturally available anticorpus to contrast with the corpus. Therefore
a different method was needed to reveal those patterns whose count within the
corpus is significantly low, evaluated here using a binomial distribution of pattern
counts along with a zero-order model of finger numbers to compute the pattern
probabilities.

3.1 Patterns and Expectation

In this study of the bagana corpus, a pattern is a contiguous sequence of events,
represented by finger numbers. To contrast the occurrences of a pattern between
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a set ⊕ and a set �, the empirical background probability of a pattern P =
(e1, . . . , e�) may be computed simply as c�P /n

�, if a large background set � is
available [13]. Without a large background corpus, the background probability
of the pattern must be estimated analytically, for example using a zero-order
model of the corpus:

bP =

�∏

i=1

c⊕ei/n
⊕

where c⊕ei is the total count of event ei, and n⊕ is the total number of events
in the corpus. The background probability bP therefore gives the probability of
finding the pattern in exactly � contiguous events.

A useful quantity derived from the background probability is the expected
total count. Letting X be the random variable that models the total count of a
pattern P , the expected total count is:

E(X) = bP × tP

where tP is the maximum number of non-overlapping positions that can be
possibly matched by the pattern, approximated here simply by n⊕/�.

In this study a zero-order analytic model of the corpus is used to permit
the detection of over- or under-representation in bigram or longer patterns. A
first- or higher-order analytic model would not be able to detect bigram patterns
because the expected total count of a pattern would be equivalent to its actual
count.

3.2 Antipatterns and Statistics

An antipattern is a pattern that is rare, or even absent, in a corpus. For data
mining, this definition is not operational because almost any sequence of events
is an antipattern, that is, most possible event sequences will never occur in a
corpus, with their count rapidly falling to zero with increasing length. Most of
these patterns are not interesting because it is expected that their total count
is zero. Therefore we want to know which are the significant antipatterns: those
that are surprisingly rare or absent from a corpus.

Antipatterns are evaluated according to a p-value, which gives the probability
of finding an equal or fewer number of occurrences than the number observed.
Low p-values are desired, because it means such patterns are surprisingly rare
in the corpus. The p-value of finding c⊕P or fewer occurrences in the corpus is
modelled using the binomial distribution:

P
(
X ≤ c⊕P

)
=

c⊕P∑

i=0

B
(
i, tP , bP

)
(1)

where B
(
i, tP , bP

)
is the binomial probability of finding exactly i occurrences of

the pattern P , in tP possible placements of the pattern, and bP is the background
probability of the pattern. Low p-values indicate patterns that are statistically
surprising and therefore potentially interesting.
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3.3 Discovery Algorithm

The antipattern discovery task is stated simply as: given a corpus, and a sig-
nificance level α, find all patterns P with a p-value (Equation 1) of at most α:

P
(
X ≤ c⊕P

) ≤ α (2)

Furthermore, for presentation we consider only those significant antipatterns
that are minimal, that is, those that are not contained within any other signifi-
cant antipattern [10].

The discovery of minimal significant antipatterns can be efficiently solved by
a refinement search of pattern space [8,10], using a method similar to the SPAM
algorithm [5]. A depth-first search starts at the most general (empty) pattern,
and the search at a particular node of a search tree is continued only while the
pattern is not significant. In this work only the S-step refinement operator [5],
which extends a sequential pattern on the right hand side by one element, is
used: an I-step is not necessary because events here have only one feature (the
finger number).

The complexity of the antipattern discovery algorithm is determined by the
significance level α, because with low α the search space must be more deeply
explored before a significant pattern is reached. Nevertheless, similar to the
statistical significance pruning method of Bay and Pazzani [6] who evaluate
contrast sets using a χ2 statistic, it is possible to compute the minimal p-value
(Equation 1) achievable on a search path. This can lead to the pruning of entire
paths that will not visit a pattern meeting the significance level of α.

4 Results and Discussion

The pattern discovery method described in Section 3 was used to find all mini-
mal antipatterns at the significance level of α = 0.01 (Equation 2). The method
revealed exactly ten significant antipatterns (Table 4): five patterns and their
retrogrades (reversal). The third column shows the total count of the pattern,
and in brackets their piece count (number of pieces containing the pattern one
or more times). Interestingly, all minimal antipatterns are bigrams. The two pat-
terns (4,1) and (2,1) presented at the top part of Table 4 (with their retrogrades,
which are also significant) are the most significant antipatterns discovered, and
correspond to the retrogrades of two of the didactic rare motifs (Table 3).

The second column of Table 4 presents the undirected diatonic interval formed
by the pattern, in the tezeta scale (Table 2). Interestingly, all of the discovered
antipatterns form a melodic interval of a major third or greater (P4, M3, and
P5).

It is worth noticing that these results prove the rarity of the interval of fifths
(perfect in tezeta, diminished and augmented in anchihoye). According to au-
thoritative writings in ethnomusicology [3], the perfect fifth and the cycle of fifths
play a founding role in anhemitonic pentatonic scales such as tezeta. The rarity
of the actual fifths in the songs is therefore significant, and it can be speculated
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Table 4. Bagana antipatterns discovered at α = 0.01. Top: known rare bigram pat-
terns; middle: novel rare patterns; bottom: pentagram patterns of Table 3

P diatonic interval c⊕P E
(
X
)

p-value

(4,1) P4 2 (2) 48 6.3e-19

(1,4) 21 (14) 48 7.5e-06

(2,1) M3 6 (5) 50 1.8e-15

(1,2) 13 (7) 50 2.6e-10

(4,3) P5 2 (2) 30 3.8e-11

(3,4) 3 (3) 30 4.0e-10

(5,2) P5 17 (10) 38 6.6e-05

(2,5) 16 (9) 38 2.7e-05

(3,5) P4 5 (4) 26 5.7e-07

(5,3) 11 (8) 26 0.00077

(2,3,1,5,4) ascending scale 8 (7) 0.11 1

(4,5,1,3,2) descending scale 4 (3) 0.11 1

that this interval is a mental reference that is never (and does not necessarily
need to be) performed. Similarly, the (3,5), a perfect fourth, is the inversion,
i.e. the interval to be added to another one to constitute an octave. Intervals
and their inversions are usually connected in several musical cultures, including
Western art music.

For completeness with the results of Weisser [25], at the bottom of Table 4
are the two pentagram patterns from Table 3. As expected, these patterns are
not frequent, but surprisingly they are not significant according to their p-value
(Equation 1) (therefore they are not found by the pattern discovery method). In
fact, they occur in the corpus many times more than their expected total count.

From a small corpus of bagana songs, antipattern discovery is able to find
the two published rare bigram motifs. The results suggest several directions for
future studies. The novel antipatterns (3,4), (2,5), and (3,5) (with their retro-
grades) found by the method (Table 4) may have new implications for the study
of didactic and distinctive motifs of the bagana. The study of these patterns is
left for future work. Further, in this study only melodic aspects have been con-
sidered, and not rhythmic aspects. Though good results have been obtained with
melodic information only, rhythmic patterns could also be of interest, especially
when linked with melodic aspects, although data sparsity for this corpus may
become an issue. A transcription and encoding of rhythmic information for the
corpus from bagana recordings is in progress. It is also planned to explore posi-
tive pattern as well as antipattern discovery, partitioning the corpus in different
interesting ways, for example according to performer and the scale employed in
a performance. Finally, the use of antipatterns as structural constraints during
the process of generating new bagana song instances will be explored.
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