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Abstract

In a recent article the authors inferred classical composer similarities on the basis of

their common and distinct personal (individual) musical influences. In this paper,

the authors examine how much, if any, additional explanation can be added

when ‘ecological’ measures (i.e., other characteristics such as time period, geograph-

ical location, school association, instrumentation emphases, etc.) are also taken into

account. Although the two methods do not generate identical similarities rankings,

their combination does provide, arguably, an improved system of ranking.
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Introduction: Composer Similarities

Charles H. Smith created The Classical Music Navigator (Smith, 2000; hereafter
referred to as CMN) as a combined reference work and experiment in music
education (see Smith & Georges, 2014 for a review of the philosophy and meth-
odology underlying the CMN). The core of the CMN approach is the collection
of composer-related data: specifically, on composer influences, and on various
secondary form and style characteristics (later referred to as ‘ecological’ char-
acteristics). The personal influences part of the database consists of, for each of
the 500 composers treated, those other composers identified to have had an
influence on their work. Smith and Georges (2014) used these data to infer
degrees of similarity among the 500 composers and proposed the use of three
similarities indices (in an approach akin to biosystematic analyses of biotas or
phylogenetic relations) by means of pairwise comparison of presence–absence
data (i.e., in analogy to presence–absence of characters within a group of taxo-
nomic units, or of regional units in a spatial, biogeographic, sense). Note was
taken that a second collection of data in the CMN associates each of the 500
composers with characteristics such as time period, geographical location,
school association, instrumentation emphases, and so forth depicted for con-
venience here as ‘ecological categories’. In this new paper, we group the latter
from the CMN into 298 variable categories (see Appendix for a list) with the
objective of examining how much, if any, additional explanation can be added
through them to the personal influences-based rankings of similarity.

To illustrate, Figure 1 focuses on three composers in the CMN. Figure 1(a)
diagrams all composers flagged in the CMN as having influenced Joseph Haydn,
Wolfgang Amadeus Mozart, and Franz Schubert. These three Austrian com-
posers, born, respectively, in 1732, 1756, and 1792, are typically associated with
the Classical Period of Western classical music. Even a casual listening suggests
style similarities across them, although to most ears Haydn and Mozart would
probably sound ‘closer’ than Haydn and Schubert, or Mozart and Schubert.1

Observe in Figure 1(a) that these three composers share in common two par-
ticular influences: Handel and Gluck. But the important characteristic to notice
is that the number of shared influences fluctuates between pairs. For example,
besides Handel and Gluck, there are no further common influences between
Schubert and Haydn; there are, however, two additional common influences
between Schubert and Mozart (M. Haydn and J. S. Bach) and five additional
common influences between Haydn and Mozart (Fux, Hasse, C. P. E. Bach, G.
B. Sammartini, and J. Stamitz). Our contention is that the greater number of
common personal influences between Haydn and Mozart is likely to be reflected
in a tighter proximity of themusical styles of these two composers as comparedwith
the styles of Schubert and Mozart, let alone of Schubert and Haydn. Figure 1(b)
presents a similar message with respect to some (there unnamed) ecological cate-
gories that might be used to characterize a composer. Eight categories are
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Figure 1. (a) Composer personal influences network—J. Haydn, W. A. Mozart, and

Schubert. (b) Composer ecological categories network—J. Haydn, W. A. Mozart, and

Schubert.
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associated with all three composers, reflecting an overall similarity of these three
Austrian Classical Period composers in terms of their sharing a particular spatial-
temporal musical niche. However, Haydn and Mozart share nine additional eco-
logical categories, while Haydn and Schubert share just one additional ecological
category, and Mozart and Schubert share five additional ones. In this case, there-
fore, the ecological categories data seem to corroborate the personal influences
data, again pointing to a greater similarity of Haydn and Mozart.

Even if shared personal influences and common ecological categories tend to
reflect similarities in the compositional style of composers, distinct personal
influences and ecological categories may yet increase the distance between the
musical styles of any pair of composers. For example, as shown in Figure 1(a),
Schubert has five musical influences that he does not share with Mozart
(Beethoven, Hummel, Rossini, Salieri, and Spontini), while Mozart has 12 dis-
tinct influences that he does not share with Schubert (Fux, Hasse, J. Stamitz, C.
P. E. Bach, J. C. Bach, Grétry, Tartini, Paisiello, Boccherini, Pergolesi, L.
Mozart, and G. B. Sammartini). Additionally, although Schubert and Mozart
share 13 ecological categories (Figure 1(b)), Schubert can be characterized by 18
additional categories that do not characterize Mozart, while Mozart has 30
additional categories that do not characterize Schubert—ultimately speaking
to probable differences between the musical oeuvres of the two composers.
The same argument can be made of the relative proximity of Debussy and
Ravel when compared with Bartók in Figure 2(a) and (b), on the basis of
shared and distinct personal influences and ecological categories between pairs
of composers. Thus, to recap, our theory is that although common personal
influences and ecological categories tend to reflect (or even explain) style simila-
rities between pair of composers, distinct influences and ecological categories
should have the opposite effect of increasing the distance (i.e., reflecting greater
differences) between musical styles of composers.

Although an inspection of diagrams such as Figures 1 and 2 is useful to
visualizing relative similarities among the composers, Smith and Georges
(2014) also developed a method for generating similarity scores between any
pair of composers, based on these common and distinct personal influences.
This is reminiscent of the approaches used in biodiversity analyses to identify
relational patterns useful to explaining the historical evolution of the forms
under study. See Cheetham and Hazel (1969) and Hayek (1994) for good surveys
of such studies, and the related ‘measures of association’ (also named in a some-
what interchangeable way ‘similarity’, ‘resemblance’, or ‘matching’ indices).
Dozens of measures of association have been constructed and applied in the
biosystematics literature, and after an investigation of some of their relative
qualities, Smith and Georges (2014) decided to concentrate on three specific
similarity indices to link pairings of composers i and j included in the database
of 500 composers: the Jaccard (1901) index, the Smith (1983) index, and the
binomial index of dispersion (Potthoff & Whittinghill, 1966).
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Figure 2. (a) Composer personal influences network—Debussy, Ravel, and Bartók.

(b) Composer ecological categories network—Debussy, Ravel, and Bartók.
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In this new paper, we explore the robustness of our earlier results by attempt-
ing to infer composer similarities on the basis of ecological categories, instead of
personal influences. We further propose combining the ecological and personal
influences to assess similarities, arguing that this should produce a general
improvement in the similarity rankings.

Methods

The analysis methods for this new study are essentially the same as those
reported in Smith and Georges (2014). In that work, C is the set of 500 com-
posers in the database, and for any pair of composers (i,j) for i,j 2 C (among the
500� 500 possible pairs), we are interested in capturing whether a composer
k 2 C had a reported influence in the CMN on both i and j, on i but not j, on
j but not i, and on neither i nor j. Running this across the 500 composers k for
each pair (i,j), we eventually obtain the set Ii of all composers who influenced
composer i, and the set Ij of all composers who influenced j. Also, for any pair
(i,j), Ii \ Ij ¼ CIi,j is the set of composers k that influenced both i and j;
Ii � Ii \ Ij ¼ Ii,�j is the set of composers k that influenced i but not j;
Ij � Ii \ Ij ¼ Ij,�i is the set of composers k that influenced j but not i, and
DIi,j ¼ Ii,�j [ Ij,�i is the set of composers k that influenced either i or j but not
both. These tallies produce a count table for the pair (i,j) that sums the elements
(the number of composers k) in each of the four sets CIi,j, Ii,�j, Ij,�i, and
C� CIi,j �DIi,j, and from which a similarity index for the pair of composers
(i, j) can be computed on the basis of well-known formulas (e.g., the Jaccard
index, etc.—see formulas and respective interpretation in Smith and Georges,
2014). In what follows, we report only the results obtained using the binomial
index of dispersion, as this arguably provides the generally most useful kinds of
results and is based on the �2 statistic (see Smith & Georges, 2014 for further
information). This similarity index can be computed for any pair (i,j)
as:SIi,j

�
�
BID
¼ nðad� bcÞ2= ðaþ bÞðcþ d Þðaþ cÞðbþ d Þ½ � where a, b, c, d, and n

are the count/number of composers in each of the five sets CIi,j, Ii,�j, Ij,�i,
C� CIi,j �DIi,j, and C. Eventually, this method generates 250,000 similarity
indices, one for each of the 500� 500 pairings of composers (i,j).

The methodology with respect to the set of 298 ecological categories, E, given
in Appendix, is similar. This time, however, we are interested in capturing
whether an ecological category e 2 E is part of the musical ecological niche
(as reported in the CMN Index of Forms and Styles of Music) of both i and j,
of i but not j, of j but not i, and of neither i nor j. Tallying these across the 298
ecological categories e for any pair of composers (i,j), and following the method
above, we generate a count table that permits the calculation of a similarity score
for the pair of composers (i,j) based, this time, on the ecological categories.2

Eventually, we arrive at a second set of 250,000 similarity indices, one for each of
the 500� 500 pairs of composers (i,j).
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Finally, for the analysis combining personal influences and ecological cate-
gories, we want to capture whether a composer k 2 C has an influence on both
i and j, on i but not j, and so forth and whether an ecological category e 2 E is part
of the musical ecological niche of both i and j, of i but not j, and so forth. Doing
this across the 500 composers k and the 298 ecological categories e for any pair of
composers (i,j), we again generate a count table that leads to a similarity index for
the pair of composer (i,j) based on the cumulative information given by personal
influences and ecological categories.3 When repeating for all pairs of composers, a
third and final set of 250,000 integrated similarities scores emerges.

Results

Selecting the 20 most significant composers (according to the CMN), Tables 1 to
3 identify these composers’ intersimilarities. The index values given are the �2

statistics produced through the binomial index of dispersion. Table 1 reports the
results based on the personal influences data, while Table 2 is based on the
ecological categories, and Table 3 is based on the combination of personal
and ecological categories. Results are roughly in line with our priors. For exam-
ple, in Table 1, Ravel is the most similar composer to Debussy, or Haydn is the
most similar composer to Mozart and Mahler the most similar to R. Strauss.
Thus, the results tend to strengthen our earlier observations that Mozart and
Haydn are more similar than are Mozart and Schubert, let alone Haydn and
Schubert. Of course, even if Puccini is reported (among this list of 20 composers)
as being most similar to Stravinsky, it does not necessarily mean that Puccini’s
style is so very similar to Stravinsky’s. A search among all of the 500 composers
(instead of just these 20) would identify the one most similar composer to
Stravinsky (as is done in Tables 4 to 6 for the top 10 names in the list), as
measured here.

In Table 2, the parallel results for the ecological categories are given. Now we
see that among the list of top-20 composers, Ravel, not Puccini, is calculated as
most similar to Stravinsky; Verdi, not Ravel, is the most similar to Puccini;
Verdi, not Chopin or Mendelssohn, is the most similar to Wagner. These results
appear to be closer to our initial expectations. Table 3 shows the results based on
combining the personal influences and ecological data. Although the results are
generally consistent with those generated with the ecological approach, again
some results seem to be more in line with our expectations. For example, when
comparing Table 3 with Table 2, we observe that Wagner, not Puccini, is closer
to Verdi; Brahms, not Mendelssohn, is closer to Tchaikovsky; Mahler, not
Mendelssohn, is closer to Liszt; Liszt, not Beethoven, is closer to Schumann,
and finally, Liszt, not Tchaikovsky, is closer to Mendelssohn.

These results focus only on the relations among the major composers, how-
ever, and a more enlightening approach to overall trends can be garnered from
overall rankings. First, consider Tables 4 to 6, which list the top-20 most similar
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composers (among all of the 500) to the top-10-ranked composers. As before,
results are provided for our three different databases: Table 4 for results from
common/distinct personal influences, Table 5 for results based on ecological
categories, and Table 6 for results based on a combination of both personal
influences and the ecological categories. Inspection of the tables reveals some
considerable differences among the three. Most pointedly, there is much vari-
ation with respect to the number of names that overlap between Tables 4 and 5.
For example, there are 10 names common to the two J. S. Bach lists, but only
three names common to the two Chopin lists. This should not be a cause for
concern, as the personal influences and ecological data sets reflect quite different
kinds of information. In fact, their differences are sometimes constraining, some-
times reinforcing. The following example illustrates the constraining case.

Table 7 gives the comparative top-20 most similar listings for one individual,
Iannis Xenakis, who placed number 160 in the overall CMN rankings. It will at
once be noticed that, considering the avant-garde nature of Xenakis’ music,
there are some rather strange names present in the first two lists (e.g., John
Ireland and John Alden Carpenter in the personal influences list, and George
Enescu and Charles Tournemire in the Ecological Characteristics list). These
disappear, however, from the final, combined list. The latter strikes a balance
taking into account both similarities of influence, and of form/period.

Table 8 gives a glimpse of the complexity of this balance. In it are listed some
statistics collected from an arbitrary sample of 25 composers whose overall
ranks in the CMN ranged from 1 to 240. The three statistics columns give the
highest chi-squares obtained among all the matchings to each composer, for each
of the three data sets. The final column indicates the number of times composers
appeared among the top-40 scores for both the ecological characteristics and
personal influences rankings. For example, in the case of Xenakis, the highest
chi-square obtained in the ecological characteristics pairings was 92.3, the high-
est in the personal influences pairings 298.8, and the highest in the combined
analysis pairings, 278.6. Twelve composers appeared among the top-40 contri-
buting both to lists 1 and 2.

Obviously, there is a lot of variation in both the degrees of composer unique-
ness, and what elements contribute to this. In Table 8, Pietro Mascagni is tightly
identified by ecological characteristics including time and place, mainly his inclu-
sion in the verismo school of opera composition (along with several other well-
known composers); the result is a rather high maximum index value of 259.9.
The personal influences data for Mascagni are less diagnostic, but when com-
bined with the ecological data lead to associations with other composers that
produce scores that are higher yet, maximizing at 376.9.

By contrast, the highest ecological characteristics score for Erik Satie is a
rather low 47.7, and he can be regarded as a more unique individual in this
sense. His highest personal influences score is also a relatively low 124.2, as is the
111.8 highest chi-square score that emerges from combining the data types.
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Should he perhaps be treated more on independent grounds than he usually is,
when associated with Impressionist composers such as Debussy and Ravel?

In sum, there is great variation in the degrees to which each of the individual
scores seem to affect the combined scores. In the Table 8 sample, Columns 1 and
3 are highly correlated (r¼ .814), but Columns 2 and 3 less so (r¼ .368, barely
significant at 10% significance), suggesting a higher influence of ecological char-
acteristics on the combined scores. Meanwhile, the means of Columns 2 and 3
are nearly the same (194.1 and 192.6), so in a considerable number of instances
the highest combined score is actually lower than the highest personal influences
scores alone. In some instances (e.g., Ravel, Purcell, and Palestrina), the two
data sets seem to be reinforcing one another; in others (e.g., Chopin, Scriabin,
and Bruch), they seem to be constraining one another. These data (and deriva-
tive sets) could lead to some interesting kinds of analysis as to the relative effects
of each form of influence.

Table 7. Top-20 Most Similar Composers to Iannis Xenakis, in Rank Order—All Three

Similarities Data Sets (Based on Chi-square Statistics From the Binomial Index of

Dispersion; Potthoff and Whittinghill, 1966).

Ecological characteristics Personal influences Combined influences

124. Boulez 316. Revueltas 124. Boulez

106. Stockhausen 482. Kraft 274. Dutilleux

274. Dutilleux 124. Boulez 106. Stockhausen

113. Berio 262. Jolivet 316. Revueltas

401. Scelsi 386. Gerhard 113. Berio

414. Tansman 125. Lutoslawski 482. Kraft

481. Wolff 256. Ireland 273. Sculthorpe

127. Varèse 274. Dutilleux 262. Jolivet

151. Feldman 281. Brouwer 376. Montsalvatge

315. Wuorinen 376. Montsalvatge 125. Lutoslawski

453. Skalkottas 200. Tavener 414. Tansman

157. Enescu 106. Stockhausen 127. Varèse

273. Sculthorpe 173. Reich 315. Wuorinen

444. Luening 273. Sculthorpe 453. Skalkottas

132. Rorem 244. Birtwistle 481. Wolff

349. Maderna 63. Messiaen 365. Casella

416. Schmitt 110. Carter 173. Reich

441. Tournemire 301. Schickele 63. Messiaen

95. Ligeti 398. Tower 472. Petrassi

187. Dupré 462. Carpenter 308. Alain
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Note that the method here provides more than just a simple check against an
existing general similarity assessment: The index values generated represent both
a measure of the ‘distance’ between pairs of composers, and a statistical signifi-
cance test. For example, as shown in Table 3, the chi-square similarity statistic
for J.S. Bach and Handel is 120.96. In the dual outcome of presence/absence of

Table 8. Highest Binomial Index of Dispersion Statistics (Potthoff & Whittinghill, 1966) for

Each of a Sample of CMN Composers, All Three Similarities Data Sets; Number of

Composers Found in Top-40 in Both (1) and (2).

CMN

Rank

Composer

name

Highest

ecological

characteristics

Score (1)

Highest

personal

influences

Score (2)

Highest

combined

influences

Score (3)

No. of

composers

found in

top-40 of

both (1) and (2)

1. J. S. Bach 61.5 111.6 152.1 23

10. Chopin 68.6 156.3 133.6 8

20. Ravel 96.8 172.1 271.1 17

30. Gershwin 59.8 163.3 147.1 4

40. Purcell 75.2 90.8 176.6 20

50. Bernstein 85.1 147.9 152.2 9

60. Scriabin 102.9 205.0 161.0 14

70. Satie 47.7 124.2 111.8 12

80. Palestrina 134.8 249.0 329.4 15

90. Mascagni 259.9 131.5 376.9 8

100. Buxtehude 121.2 103.9 170.5 15

110. Carter 58.6 114.2 157.7 15

120. Ginastera 49.8 158.4 128.5 9

130. Szymanowski 54.5 200.3 157.7 10

140. Bruch 52.0 248.0 138.5 13

150. M. Haydn 68.9 249.5 142.0 7

160. Xenakis 92.3 298.8 278.6 12

170. Rubenstein 120.8 268.5 330.1 11

180. MacDowell 148.2 318.4 296.0 12

190. von Dohnanyi 62.4 297.6 180.6 9

200. Tavener 57.6 185.6 118.6 4

210. Marais 78.0 249.5 196.5 8

220. Bridge 63.8 228.4 136.2 8

230. Corigliano 96.0 131.5 151.1 7

240. M. Praetorius 78.0 248.5 220.5 11
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common similarities and ecological categories, the degree of freedom is 1 and the
critical value at a 5% significance level is thus 3.84. (For significance levels at 1%
or 10%, the critical values are 6.63 and 2.70, respectively.) Because
120.96> 3.84, we can reject the null hypothesis of no association between
both composers in favor of the alternative that Bach and Handel are statistically
significantly similar. For Bach and Schumann, however, the similarity index is
2.27; thus, we cannot reject the null hypothesis of no association between these
two composers both at 1, 5, and 10% significance levels.

But it should also be pointed out that simple statistical significance at these
levels is not by itself enough to expose obvious similarities between a given pair
of composers. These data are as a set very highly ordered, and the mere sharing
of as few as two influences is probably enough in most cases here to produce an
association score that is statistically significant. The case of Xenakis was men-
tioned earlier; it turns out that both he and John Ireland (who most would agree
does not have a lot in common with Xenakis in terms of actual musical product)
count as influences Bartók, Debussy, and Stravinsky. Thus, much higher chi-
square values should be looked to here to provide more assurance as to the
existence of an ‘observable similarity’. Exactly how much higher is a debatable
point for the moment, though scores of at least 50.0 for the ecological charac-
teristics evaluations, and 100.0 for the personal influences and combined eco-
logical characteristics/personal influences results provide reasonable ad hoc
standards for now. In any case, situations such as the Xenakis/Ireland one
provide food for thought: In what ways might this commonality of influence
have found its way into their music in similar ways, despite returning outwardly
quite different results?

Discussion and Conclusion

This paper investigates two approaches that quantify the relative similarities
existing between given pairings of composers. The first approach, initially pro-
posed by Smith and Georges (2014), infers composer similarities from the per-
sonal influences on them; the second approach applies 298 ecological categories
(i.e., composer characteristics such as time period, geographical location, school
association, instrumentation emphases, etc.: see Appendix) to the same ends. We
originally expected the second approach to provide simple confirmation for the
findings of the first, but the situation turned out to be both more complex, and
more interesting, than this.

The fourth data column in Table 8 provides evidence that the two approaches
produce results that are not wholly independent of one another; the column
mean is 11.24, which is much greater than the value of 3.2 that would be
expected were all the associations merely of random form.4 In that sample,
there are 23 composers who are in both of the ‘top 40’ lists associated with J.
S Bach, but only four who are in both for Gershwin and Tavener. Still, Bach,
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Gershwin, and Tavener’s ecological associations produced similar highest chi-
square scores, while the ‘influences’ data produced higher highest chi-square
scores for Gershwin and Tavener.

There are some fairly obvious explanations for some of the results, though
these only provide glimpses. A preliminary review of all the data suggests, for
example, that very high similarities scores are not restricted to either earlier or
later time periods or places, though they turn up among distinct schools of
composers (e.g., Italian Renaissance composers, or late 19th century ‘verismo’
opera composers). Very low scores, we might think, should be associated with
composers working outside the mainstream—though many or most of these may
have been too unique to generate imitators. On the other hand, some of these
may have hit upon the right formula. Could it be true, in fact, that the actual
most revolutionary composers are also exposed in this data set by their relatively
low similarities scores? Through this line of thinking, should we consider that
lasting innovation may be due more to ‘influence’ by a more unique set of
personal and ecological factors than the apparent actual productions seem to
indicate? J. S. Bach and Wolfgang Amadeus Mozart are two cases in point: Both
of these supreme masters, neither generally thought of as being great innovators,
produce rather low similarities scores (as shown in Tables 4 and 5). And, even
should this kind of verdict prove attractive, perhaps this was a reality only more
characteristic of earlier times than more recent ones.

It will take some time to sort through the relationships that are underscoring
the results reported here, but three things appear central to such development.
First, the data still suffer from some spottiness, as many of the less significant
composers on the list of 500 remain incompletely studied, or even commented
upon. We are hoping to reduce this problem with another large-scale literature
review, currently in its planning stages.

Second, some of the ‘spottiness’ just alluded to can be reduced by adding in
another set of data collected in the CMN: what might be termed general (per-
sonal) influences. These consist of influences on individual composers that are
identified only generically; for example, as ‘jazz’, ‘folk music’, ‘Baroque compo-
sers’, and so forth. Fully a third of the influences data contained in the CMN are
of this type. We did not apply them at this time so as not to complicate the
discussion, but once the planned literature review noted above has been com-
pleted, this information can be integrated in with the rest.

Third, it is time to start invoking some actual models that can be tested
through the data, once these are satisfactorily representative. The most likely
basis for such modeling is an evolutionary one—perhaps, even, a near-
Darwinian one: Clearly, the overall development of Western classical music
styles is not due to simple creative genius alone, but to the influence of past
masters and genres, as constrained or facilitated by the cultural conditions of
time and place. Darwinian biological models have been applied to many aspects
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of cultural evolution (see Linquist, 2010 for one good survey), but not so much
to music history (but see Gatherer, 1997). While the analogy between biological
change and musical change may not be a stretch, however, it remains necessary
to exert some caution, as Linquist (2010) notes:

However, when conducting this sort of analysis it is important to distinguish two

different sources of cultural similarity. Some shared traditions are inherited from a

common ancestor while others are independently invented by a process analogous

to convergent evolution. Only shared derived traditions carry information about

ancestral relationships; convergent traditions are a source of noise that can gener-

ate overestimates of the relatedness among cultures. (p. xix)

Nevertheless, we believe the CMN data sets do lend themselves to a sorting out
of the interplay of the relationships. In fact, the evolution of Western music may
prove better represented by Darwinian thinking than do most other elements of
cultural development: Not only is the time frame shorter, but so too is the spatial
one, and the likelihood that, apart from the earliest stages, the ‘convergence’
mentioned above may play a rather minor role in the overall process. In such
work, the application of analytical models differing from the similarities
approach employed here might be entertained. This would parallel trends in
biological sciences systematics that have occurred over the past 50 years.

Appendix. The 298 “Ecological” Categories.

1. Adagios

2. African American/European composers

3. Airs/ayres

4. Aleatory music & related forms (ca. 1940 to present)

5. Allegros

6. Anthems (ca. 1500 to 1800)

7. Anthems (1800 to 1900+)

8. Antiphons

9. Arabesques

10. Avant garde style “American school”
11. Avant garde style ‘European school’

12. Bagatelles

13. Ballades (à la Chopin)

14. Ballets/pantomime ballets and/or suites (ca. 1600 to 1800)

15. Ballets/pantomime ballets and/or suites (ca. 1800 to 1900)

16. Ballets/pantomime ballets and/or suites (1900 to present)

17. Barcarolles

18. Baroque Period composers (ca. 1600 to ca. 1750)

(continued)
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Continued.

19. Bass, double, music for

20. Basso continuo, music featuring (ca. 1625 to ca. 1775)

21. Bassoon, music for: unacc. or in a chamber setting

22. Bassoon, music for: as featured instr. w/ orchestra

23. Bel canto style (early 19th Century) composers

24. Berceuses

25. Berlin, composers assoc. w/ (ca. 1725 to 1860)

26. Berlin, composers assoc. w/ (1860 to present)

27. Biedermeier style (early 19th Century) composers

28. Boston, composers assoc. w/ (ca. 1750 to present)

29. Brass, music for (ca. 1550 to 1800)

30. Brass, music for (ca. 1800 to present)

31. California, 20th Century, composers assoc. w/

32. Canons

33. Cantatas (ca. 1650 to 1800)

34. Cantatas (1800 to present)

35. Canzonas

36. Caprices/capriccios

37. Carols

38. Cello, music for: unacc. (ca. 1700 to present)

39. Cello, music for: in chamber music setting (ca. 1700 to 1850)

40. Cello, music for: in chamber music setting (1850 to present)

41. Cello, music for: as featured instr. w/ orch. (ca. 1700 to 1850)

42. Cello, music for: as featured instr. w/ orch. (1850 to present)

43. Chaconnes

44. Chamber concertos

45. Chamber music/small ensemble, general (multiple works, for various forms)

(ca. 1600 to 1825)

46. Chamber music/small ensemble, general (multiple works, for various forms)

(1825 to 1925)

47. Chamber music/small ensemble, general (multiple works, for various forms)

(1925 to present)

48. Chamber operas

49. Chamber symphonies

50. Chansons (ca. 1350 to ca. 1600)

51. Children or amateurs, music for

52. Choral/choral orchestral music, w/ or w/o individual voice(s), general

(multiple works, for various genres) (ca. 1650 to 1825)

53. Choral/choral orchestral music, w/ or w/o individual voice(s), general

(multiple works, for various genres) (1825 to 1925)

54. Choral/choral orchestral music, w/ or w/o individual voice(s), general

(multiple works, for various genres) (1925 to present)

55. Chorale preludes (ca. 1600 to ca. 1750+)

56. Chorales

57. Church music/services

(continued)
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Continued.

58. Clarinet, music for: in chamber music setting (ca. 1775 to 1900)

59. Clarinet, music for: in chamber music setting (1900 to present)

60. Classical (‘Classic’) Period (ca. 1750 to ca. 1825) composers

61. Concertatos, sacred

62. Concerti grossi (ca. 1675 to ca. 1775+)

63. Concertos/concertinos: general (multiple works, & for various featured instrs.)

(ca. 1700 to 1850)

64. Concertos/concertinos: general (multiple works, & for various featured instrs.)

(1850 to present)

65. Concertos/concertinos: clarinet c1775 to present

66. Consort music (ca. 1550 to ca. 1675)

67. “Dance,” the word, in the title of famous works by individual composers

68. Divertimentos/divertissements

69. Dresden, composers assoc. w/ (ca. 1550 to ca. 1750)

70. Etudes

71. Exoticist style 20th Century

72. Experimentalist style 20th Century

73. Expressionist style 20th Century

74. Fanfares

75. Fantasies/fantasias (ca. 1600 to present)

76. Featured instr.(s) with orch. (multiple works, & for various featured instrs.)

77. Film scores & orchestral suites drawn from

78. Florence, composers assoc. w/

79. Flute, music for: unacc. (ca. 1700 to present)

80. Flute, music for: in chamber music setting (ca. 1700 to present)

81. Flute, music for: as featured instr. w/ orch. (ca. 1700 to present)

82. Folk music/dance settings (ca. 1600 to present)

83. French Neoclassical style 20th Century

84. French organ school composers (ca. 1850 to present)

85. German Neoclassical style 20th Century

86. Glorias

87. Guitar, music for: unacc. (ca. 1650 to present)

88. Guitar, music for: in chamber music setting (ca. 1775 to present)

89. Guitar, music for: as featured instr. w/ orch. (ca. 1800 to present)

90. Hamburg, composers assoc. w/

91. Harmonium, music for

92. Harp, music for: unacc.

93. Harp, music for: in chamber music setting

94. Harp, music for: as featured instr. w/ orchestra

95. Harpsichord, music for: unacc. (ca. 1600 to ca. 1775+)

96. Harpsichord, music for: in chamber or orchestral settings (ca. 1700 to present)

97. Horn, English, music for

98. Horn, French, music for: in solo or chamber settings (ca. 1800 to present)

99. Horn, French, music for: as featured instr. w/ orch. (ca. 1700 to present)

100. Hymns
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101. Impressionist style (ca. 1890 to present)

102. Impromptus

103. Instrumental ensemble, music for (general & misc. categories; for small to

mediumsized forces)

104. Jewish/Hebrew-related themes & influences

105. Keyboard instr., music for: unacc. (ca. 1500 to ca. 1775+)

106. Keyboard instr., music for: in chamber or orchestral settings (ca. 1500 to ca. 1775+)

107. Latin American composers

108. Leipzig, composers assoc. w/ (ca. 1600 to present)

109. Lieder

110. Light Classical style

111. London, composers assoc. w/ (ca. 1550 to 1825)

112. London, composers assoc. w/ (1825 to present)

113. Lute, music for

114. Madrigals (ca. 1525 to ca. 1650)

115. Magnetic tape-based/electronic/electric instrs.-based music

116. Magnificats

117. Mannheim school composers

118. Marches

119. Masques

120. Masses (ca. 1350 to 1750)

121. Masses (1750 to present)

122. Mazurkas

123. Medieval Period composers

124. Microtonal music

125. Minimalist style (ca. 1965 to present)

126. Minuets

127. Moscow, composers assoc. w/ (ca. 1875 to present)

128. Motets (ca. 1200 to 1750)

129. Motets (1750 to present)

130. Multi/mixed media works (ca. 1960 to present)

131. Munich, composers assoc. w/ (ca. 1525 to present)

132. Music education, composers known for their involvement in

133. Music theatre (ca. 1950 to present)

134. Mystical style 20th Century

135. Naples, composers assoc. w/ (ca. 1550 to present)

136. Narrated works 20th Century

137. Nationalist style (ca. 1850 to present)

138. Neoclassical leanings, 19th Century composers w/

139. Neoclassical style 20th Century

140. Neoromantic style 20th Century

141. New England school composers

142. New York, composers assoc. w/ (ca. 1890 to present)

143. Nocturnes

144. Oboe, music for: in solo or chamber music settings (ca. 1700 to present)
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145. Oboe, music for: as featured instr. w/ orch. (ca. 1700 to present)

146. Odes

147. Operas, including chamber operas, all genres (ca. 1600 to 1800)

148. Operas, including chamber operas, all genres (1800 to 1900)

149. Operas, including chamber operas, all genres (1900 to present)

150. Operettas

151. Oratorios (ca. 1600 to present)

152. Orchestral music: chamber/small orchestra, music

153. Orchestral music: concert overtures

154. Orchestral music: concertos for orchestra

155. Orchestral music: incidental music to plays, etc. (& suites drawn from the latter)

156. Orchestral music: sinfonia concertantes & sinfonias

157. Orchestral music: string orchestras, music for

158. Orchestral music: suites for orch. (not connected to dramatic works)

159. Orchestral music: symphonic (‘tone’) poems (ca. 1850 to present)

160. Orchestral music: theme & variations for orch. (including works w/ featured instr.)

161. Orchestral music: other orchestral forms, or general (ca. 1675 to1800)

162. Orchestral music: other orchestral forms, or general (1800 to 1920)

163. Orchestral music: other orchestral forms, or general (1920 to present)

164. Orchestration, composers particularly noted for their talent at

165. Organ, music for: unacc. (ca. 1500 to 1800)

166. Organ, music for: unacc. (1800 to present)

167. Organ, music for: in chamber or orchestral settings (ca. 1700 to present)

168. Overtures & preludes (to stage works)

169. Paris, composers assoc. w/ (ca. 1500 to 1700)

170. Paris, composers assoc. w/ (1700 to 1800)

171. Paris, composers assoc. w/ (1800 to 1900)

172. Paris, composers assoc. w/ (1900 to present)

173. Partitas

174. Passacaglias

175. Passions

176. Pavanes

177. Percussion, music for: in chamber music setting

178. Percussion, music for: in an orchestral setting

179. Piano, music for: unacc. (ca. 1775 to 1900)

180. Piano, music for: unacc. (1900 to present)

181. Piano, music for: in chamber music setting: multiple works, for various forces

(ca. 1775 to present)

182. Piano, music for: in chamber music setting: piano four hands/two players

(ca. 1775 to present)

183. Piano, music for: in chamber music setting: piano trios (ca. 1775 to present)

184. Piano, music for: in chamber music setting: piano quartets (ca. 1775 to present)

185. Piano, music for: in chamber music setting: piano quintets (ca. 1775 to present)

186. Piano, music for: in chamber music setting: misc. specific combinations, especially

sonatas w/ other instrs. (ca. 1775 to present)
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187. Piano, music for: as featured instr. w/ orch. (ca. 1775 to present)

188. Polystylism, composers employing

189. Polkas, orchestral

190. PostClassical style (ca. 1800 to ca. 1850)

191. Prague, composers assoc. w/ (ca. 1850 to present)

192. Pre Classical style (ca. 1725 to ca. 1775)

193. Prepared piano, music for

194. Primitivistic elements, composers employing

195. Psalm settings

196. Quadrilles, orchestral

197. Quartets, music for: string quartets, form or forces (ca. 1750 to present)

198. Quartets, music for: multiple works, or for other instrumental combinations

199. Quintets, music for: string quintets (form or forces)

200. Quintets, music for: wind quintets (form or forces)

201. Quintets, music for: other combinations

202. Rags

203. Recorder/piccolo, music for

204. Religious subjects, music on

205. Renaissance Period (ca. 1400 to ca. 1600) composers

206. Requiems

207. Rhapsodies

208. Romances

209. Romantic Period (ca. 1825 to ca. 1925) composers

210. Romantic Period composers: Late Romantic

211. Rome, composers assoc. w/ (ca. 1550 to 1725)

212. Rome, composers assoc. w/ (1725 to present)

213. Rondos

214. Sacred vocal/choral music, various genres (ca. 1350 to 1600)

215. Sacred vocal/choral music, various genres (1600 to 1850)

216. Sacred vocal/choral music, various genres (1850 to present)

217. St. Petersburg, composers assoc. w/ (ca. 1850 to present)

218. Saxophone, music for

219. Scherzos

220. Second Viennese school composers

221. Septets, octets, nonets, music for

222. Serenades

223. Serial technique, composers assoc. w/

224. Sextets, music for

225. Socialist Realist style composers 20th Century

226. Sociopolitical subjects, music on

227. Sonatas & sonatinas: general (multiple works, & for various featured instrs.)

228. Song cycles/collections (ca. 1800 to present)

229. Songs (usually w/ piano or orchestral accompaniment) (ca. 1550 to 1800)

230. Songs (usually w/ piano or orchestral accompaniment) (1800 to 1900)

231. Songs (usually w/ piano or orchestral accompaniment) (1900 to present)
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232. Stabat Maters

233. Stage/dramatic works, general

234. Suites (exclusive of for orch. alone)

235. Symphonies (1750 to 1825)

236. Symphonies (1825 to 1925)

237. Symphonies (1925 to present)

238. Tangos

239. Te Deums

240. ‘Third Stream’ style (20th Century) composers

241. Toccatas

242. Transcriptions & arrangements of other composers’ works

243. Trio sonatas (ca. 1650 to ca. 1775)

244. Trios, music for (other than piano trios)

245. Trumpet, music for: unacc. or in a chamber setting

246. Trumpet, music for: as featured instr. w/ orchestra

247. Unacc. instrumentalist, music for

248. Unusual or exotic instrs./instrumental combinations, music for

249. (Theme and) variations (exclusive of orch. alone)

250. Venice, composers assoc. w/ (ca. 1525 to present)

251. Verismo style (late 19th Century) composers

252. Vernacularist style composers 20th Century

253. Vienna, composers assoc. w/ (ca. 1650 to 1850)

254. Vienna, composers assoc. w/ (1850 to present)

255. Viola, music for: unacc. or in a chamber music setting

256. Viola, music for: as featured instr. w/ orchestra

257. Viola da gamba, music for

258. Violin, music for: unacc.

259. Violin, music for: in chamber music setting: (ca. 1650 to 1850)

260. Violin, music for: in chamber music setting: 1850 to present

261. Violin, music for: as featured instr. w/ orch.: (ca. 1650 to 1850)

262. Violin, music for: as featured instr. w/ orch.: 1850 to present

263. Voice/voices, individual featured, w/orchestra, in contexts exclusive of opera

(ca. 1625 to 1800)

264. Voice/voices, individual featured, w/orchestra, in contexts exclusive of opera

(1800 to 1900)

265. Voice/voices, individual featured, w/orchestra, in contexts exclusive of opera

(1900 to present)

266. Voice, wordless, music for

267. Voice(s), unacc., 20th Century music for

268. Waltzes

269. Winds/wind band/military band music

270. Women composers

271. Woodwinds, music for (multiple works, & for various forms)

272. Argentina

273. Australia
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Notes

1. Even a trained ear may have problems distinguishing operas of Haydn (e.g., Armida or
Orlando Paladino) and Mozart (e.g., Lucio Silla or Il Re Pastore), while Schubert’s
operas (e.g., Fierrabras) sound rather different.

2. In this case, a, b, c, d, and n are the count/number of ecological categories in each of
the five sets CIi,j, Ii,-j, Ij,-i, E- CIi,j-DIi,j, and E (so that in the case of ecological
categories n¼ 298, instead of 500 in the personal influence case).

3. In this case, a, b, c, d, and n are the cumulated count/number of personal influences
and ecological categories in sets CIi,j, Ii,-j, Ij,-i, X-CIi,j-DIi,j, and X, where X¼C, E so
that, for example, n equals 500+298¼ 798.

Continued.

274. Austria

275. Belgium

276. Bohemia, Moraviav & Slovakia

277. Brazil

278. Denmark

279. England

280. Estonia

281. Finland

282. Flemish, Franco-Flemish, & Dutch

283. France

284. Germany

285. Greece

286. Hungary

287. Ireland

288. Italy

289. Mexico

290. Norway

291. Poland

292. Romania

293. Russia

294. Spain

295. Sweden

296. Switzerland

297. United States

298. Venezuela
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4. Two random samples of 40 composers taken from the same list of 500 would be
expected to produce on the average (40/500)2� 500¼ 3.2 names common to each

sample.
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