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Abstract

How does family background shape entry into elite professions, and how do changes in
training regimes influence the allocation of talent? We study dynasties in Western classical
composition, a setting where family ties historically influenced access, and where rich bio-
graphical data allow us to trace selection dynamics over multiple centuries. Using data on
over 16,000 composers from 450 CE to the present, we identify dynastic ties from Grove
Music Online and measure prominence using the length of each composer’s biographi-
cal entry. Dynastic composers are between 14 and 21 percent less prominent than their
non-dynastic peers, conditional on country and birth cohort. This discount is driven by
descendants; founders are as prominent as non-dynasts, while descendants under-perform
both. Similar results hold using archival manuscript data from Répertoire International
des Sources Musicales, suggesting the pattern is not an artifact of editorial selection. In
the twentieth century, the pattern reverses: dynasts become more prominent, consistent
with a shift from informal, family-based entry to standardized selection via conservatory
training. Supporting this interpretation, we show that dynasts are less likely to have
formal training mentioned in their biographies, and that the dynasty discount is smaller
in regions and periods where conservatories were present. Our findings suggest that cre-
dentialing reforms may have influenced patterns of elite formation and talent allocation,
offering broader insight into the relationship between human capital access and long-run
economic performance.
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1 Introduction

In many high-status professions such as politics, medicine, and law, family dynasties are

common (e.g., Dal Bó et al., 2009; Lentz and Laband, 1989; Raitano and Vona, 2021). Children

follow their parents into elite fields at rates that exceed population baselines. But what does

this intergenerational pattern of occupational persistence actually indicate? On one hand,

dynasties may signal the productive transmission of tacit knowledge, early exposure, and

vocational commitment (e.g., Becker and Tomes, 1979, 1986). On the other, they may suggest

selection failures, with access granted on the basis of family ties rather than ability (e.g., Aina

and Nicoletti, 2018; Mocetti, 2016). Interpreting familial reproduction in elite professions is

therefore empirically and conceptually challenging. When we observe that family background

predicts entry into elite occupations, does it reflect inherited human capital and the benefits

of early training, or the absence of merit-based selection?

We address this question by studying dynasties among Western classical composers. Many

of the most celebrated figures in music history—Johann Sebastian Bach, Wolfgang Amadeus

Mozart, Henry Purcell, Domenico Scarlatti, Johann Strauss II—came from musician fami-

lies, suggesting that dynastic transmission played an important role in the profession. But

do these iconic dynasts represent a broader pattern of inherited advantage? Classical mu-

sic offers a unique setting to investigate how family background shaped occupational entry

and performance across changing systems of training and selection. First, composers’ lives

are unusually well documented. Biographical sources enable us to identify multiple family

relationships—not only parent–child links, but also siblings, cousins, and multi-generational

lineages. This structure also allows us to distinguish between dynasty founders—those who

establish a musical lineage—and descendants, who may benefit from inherited access. Sec-

ond, historically, composition was a high-skill, high-status profession, but the mechanisms of

entry evolved significantly over time. For much of history, composers were trained through

family apprenticeship or informal networks; beginning in the nineteenth century, however,

conservatories emerged as a more standardized pathway, introducing formal instruction and

selective admissions. This gradual historical shift allows us to examine how the prominence
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of dynastic entrants varied under different systems of training and professional entry. With

records extending over several centuries, our data provide a rare opportunity to study how

the relationship between family background and occupational success evolved as systems of

training changed.

Our main finding is that composers from dynastic backgrounds are, on average, less promi-

nent than their non-dynastic peers. Using data on over 16,000 composers from the fifth cen-

tury to the present, we measure prominence by the length of each composer’s entry in Grove

Music Online, a leading encyclopedia of music and musicians. Entry length reflects expert

assessments of historical significance and correlates with output, influence, and recognition

(Borowiecki and Law, 2025; Borowiecki et al., 2025, 2023). Dynasties are identified based on

documented family relationships in Grove, allowing us to distinguish founders—those with no

known composer-relative older than themselves—from descendants. Dynasts are significantly

less prominent than non-dynasts, but this discount is driven entirely by descendants, who

underperform both their non-dynastic peers and dynasty founders. Founders, by contrast,

are as prominent as non-dynasts. Dynasts are also significantly less likely to have formal

training mentioned in the early parts of their Grove biographies, a pattern we identify using

keyword and semantic similarity analysis. This suggests that dynasts often entered the pro-

fession through less credentialed pathways, consistent with family background lowering entry

costs. The founder–descendant contrast reinforces this interpretation and points to negative

selection under informal systems of training and access.1 To formalize this interpretation, we

develop a simple Roy-style model of occupational choice in which family ties reduce the cost of

entering the profession. The model yields testable predictions about the relative prominence

of dynasts and non-dynasts under different selection environments.

A potential concern is that our results reflect editorial bias. Grove is a curated biographical

reference; if dynasts were more likely to be included due to family ties, the observed discount

could reflect asymmetric inclusion thresholds rather than true differences in prominence. To

address this, we replicate our analysis using the Répertoire International des Sources Musicales

1Seen in this light, the prominence of dynasts such as J.S. Bach and W.A. Mozart (neither of whom
was a dynastic founder) is all the more extraordinary, as it runs counter to the general pattern of dynastic
underperformance.
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(RISM), an independent archival catalog of surviving musical manuscripts. RISM records

which composers’ works were copied, preserved, and circulated, providing a proxy for historical

visibility and productivity that is not shaped by modern editorial decisions.2 The dynasty

discount persists in the RISM data and again appears to be driven by descendants rather

than founders. This reinforces our interpretation that dynastic entry, under informal systems

of training and access, may have given rise to negative selection, with the observed discount

reflecting real differences in prominence rather than editorial bias.

However, this pattern is not stable over time. In the twentieth century, the dynasty dis-

count reverses with dynastic composers becoming more prominent, on average, than their

non-dynastic counterparts. This shift follows the rise of conservatories, which replaced infor-

mal, family-based training with standardized instruction and competitive admissions (Weber

et al., 2001). We interpret this as a broader change in the selection process—one that may

have limited access for less-qualified dynasts while preserving advantages for those with early

exposure and strong ability. To explore this possibility, we estimate regressions of composer

prominence on dynastic status, conservatory exposure, and their interaction. Although con-

servatory access is not randomly assigned and our exposure measure is imperfect, the results

are suggestive: the dynasty discount is smaller in settings where formal training systems are

in place. To bolster the credibility of this association, we conduct several supporting tests:

placebo checks showing that the interaction between dynastic status and conservatory expo-

sure is not systematically related to elite social background or lifespan, both of which may

independently influence prominence; a falsification test recoding exposure for composers too

old to plausibly benefit; and robustness checks using text-based proxies for exposure to formal

training. The results of these tests are consistent with the interpretation that conservatories

contributed to a shift in selection dynamics into composition.

A growing body of work shows that insider ties—whether strictly familial or more broadly

social—can distort the allocation of talent in elite settings. Evidence on family dynasties

2RISM’s catalog focuses on sources from c.1600–1850, the period when dynasties were most common and
manuscript survival is highest. To overturn the dynasty discount, preservation would need to be systematically
more complete for non-dynasts, the opposite of what one might expect, since dynastic families often had
stronger incentives to preserve their legacies. Any survival bias is thus likely to attenuate our results.
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finds that dynastic scholars under-perform in historical academia, an effect that fades in

Protestant regions and in high-return scientific fields (de la Croix and Goñi, 2024), and that

legal reforms in Italy erased the premium once enjoyed by dynastic lawyers (Raitano and Vona,

2021). Studies of other inherited or socially mediated ties point to similar misallocations:

firms run by family heirs earn lower returns (Pérez-González, 2006); connected candidates

win election to elite science academies yet publish less (Fisman et al., 2018); and personal

connections boost promotion chances in academia but reduce ex-post productivity (Zinovyeva

and Bagues, 2015). Together, these findings motivate our analysis of musical dynasties and

how credentialing reforms—via conservatories—altered the selection of talent over several

centuries.

We extend this literature by focusing on a historical creative profession and by introduc-

ing several innovations in measurement and conceptualization. First, we distinguish between

dynasty founders and descendants, allowing us to test whether inherited access lowers entry

thresholds or alters selection quality within families. Second, we define dynasties using ex-

tended kin networks—including siblings, cousins, and multi-generational links—rather than

limiting attention to direct patrilineal succession, which is the most common approach in

prior work. Third, we draw on a comprehensive biographical encyclopedia to identify dy-

nastic relationships and validate our findings using an independent archival dataset. This

enables us to cover a broader set of elite individuals, including unaffiliated composers outside

of formal organizations. Finally, we develop a simple model linking family background and

training regimes to occupational sorting, which helps interpret observed changes in dynastic

performance and generates testable predictions about selection dynamics.

Our results speak to research on human-capital formation and credentialing. In Roy-

style models, individuals sort into occupations or markets based on ability and returns, with

patterns shaped by training costs, entry barriers, or migration incentives (e.g., Roy, 1951;

Borjas, 1987; Heckman and Honoré, 1990). Conservatories acted as a credentialing reform:

proximity to one narrows the dynasty discount, echoing evidence that modern credentials

curb insider advantage in other professions (e.g., Raitano and Vona, 2021). Similar patterns
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arise in academia, where changing entry barriers shifted the selection margin for women,

producing a U-shaped pattern in relative performance (Iaria et al., 2024). We contribute

to broader debates on how institutions shape the transmission of tacit knowledge. de la

Croix et al. (2017) show how clan-, guild-, and market-based training systems influence the

intergenerational transfer of skill. Our findings point to a similar shift in music with the shift

from family apprenticeship to conservatory training restructuring how musical knowledge was

passed across generations. Building on recent text-as-data methods (see Gentzkow et al.,

2019, for an overview), we convert historical biographies into structured measures—using

keyword counts and sentence-embedding scores—to create novel proxies for formal training

and broaden the toolkit for studying human-capital formation in historical settings.

Finally, we contribute to cultural economics by analyzing how changing training structures

affected access to creative careers. Prior work shows that copyright laws and agglomeration in-

fluenced creative output (Giorcelli and Moser, 2020; Borowiecki, 2013), while teacher-student

linkages shaped stylistic transmission (Borowiecki, 2022). Our focus on dynastic access com-

plements recent evidence that conservatories helped reduce gender gaps in musical prominence

(Borowiecki et al., 2025). By combining family linkages with editorial and archival measures

of success, we show how artistic training systems shaped the allocation of creative talent.

The remainder of the paper proceeds as follows. Section 2 introduces a Roy-style frame-

work in which family ties lower the cost of becoming a composer. Section 3 describes the data,

explains how dynasties are identified, and details our two prominence measures. Section 4

presents the core finding: a dynasty penalty, driven by descendants, and confirmed with both

Grove and RISM data. Section 5 turns to training. We show, first, that dynastic composers

are less likely to have formal instruction mentioned in their biographies, implying heavier

reliance on family apprenticeship; second, that the dynasty discount flips to a premium after

conservatories spread; and third, that the penalty is attenuated in times and places where con-

servatories are present, consistent with credentialing tightening selection. Section 6 concludes

and offers a back-of-the-envelope estimate of the welfare loss from dynastic misallocation.
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2 Conceptual framework

To motivate our empirical analysis, we develop a simple Roy-style model of occupational

choice in which individuals differ in ability a, drawn from a continuous distribution F (a) with

support on [0, 1]. A career in composition yields income ra, while an alternative occupation

provides income wa, where r > w > 0. Entry into the composition profession requires

incurring a fixed, group-specific cost cj , where j ∈ (d, n) indexes dynastic d and non-dynastic

n individuals, respectively. We interpret cj broadly to include not only the costs of training but

also access to instruments, instruction, mentorship, and career opportunities, resources that

individuals from dynastic families could often acquire at lower cost due to family background.

An individual chooses to become a composer if the net return from composing exceeds

that of the outside option:

ra− cj ≥ wa, (1)

which yields an entry threshold:

a ≥ a∗j =
cj

r − w
. (2)

This conceptual framework generates three predictions. First, if dynasts face lower entry

costs than non-dynasts (cd < cn), they will enter at a lower ability threshold (a∗d < a∗n),

resulting in lower average ability and, on average, lower observed prominence.

Second, dynastic founders—those who initiate a family line of composers—do not benefit

from inherited advantage and thus face the same entry costs as non-dynasts. As a result,

they should exhibit similar selection thresholds and average outcomes. The comparison be-

tween founders and descendants provides a natural placebo test for interpreting the source of

dynastic effects.

Third, changes in the structure of musical training—particularly the rise of conservatories—

reduced the cost of entry for non-dynasts. If the cost for non-dynasts falls to c̃n < cn, their

new threshold becomes ã∗n = c̃n
r−w , narrowing the gap in ability thresholds between dynasts
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and non-dynasts. If the cost advantage is eliminated entirely (c̃n = cd), both groups select into

composition at the same threshold. And if the cost for non-dynasts falls below that of dynasts

(c̃n < cd), the threshold for non-dynasts becomes lower, potentially reversing the direction of

selection and giving rise to a dynasty premium. Such a reversal could occur if high-ability in-

dividuals from dynastic backgrounds face more attractive outside opportunities, raising their

opportunity cost of becoming composers and effectively increasing their entry cost in relative

terms. This might arise if dynasts come from elite families with broader access to education or

professional networks, making alternative careers more accessible or prestigious than music.

3 Data

3.1 Sources and sample construction

Our primary dataset is constructed from Grove Music Online, an authoritative reference

work on music and musicians. Grove includes entries on composers, performers, ensembles,

genres, instruments, and musical terminology. As of 2024, the database contains over 60,000

entries, of which nearly 35,000—or approximately 57 percent—are biographical. Within this

biographical subset, we identify more than 16,000 individuals whose occupational description

includes “composer.” This subset forms the basis for our analysis.

Each Grove biography follows a standardized format, typically including a main biograph-

ical section as well as additional sections such as “Works,” “Writings,” and “Bibliography.”

The main narrative provides a chronological account of the composer’s life, including details

about education, professional appointments, compositional milestones, and their influence on

music history. Because this section is available for all individuals in our sample, we use its

word count as our primary measure of prominence. This measure reflects editorial judgments

about the subject’s historical importance and is strongly correlated with other indicators of

recognition, such as compositional productivity, scholarly attention, and inclusion in multiple

reference sources.

We identify dynastic composers using Grove’s dedicated family entries, which provide
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structured accounts of prominent musical lineages.3 A composer is classified as a dynast

if they are listed within one of these family entries. Using this approach, we are able to

identify a total of 247 musical dynasties consisting of a total of 670 composers. We designate

as the founder the earliest-born individual in each family group; all others are treated as

descendants. This classification relies exclusively on inclusion in Grove’s family entries and

does not incorporate inferred or unverified kinship ties.4

To supplement our prominence measures, we incorporate data from the Répertoire Inter-

national des Sources Musicales (RISM), which catalogs surviving musical manuscripts and

printed sources. For each composer, we record the number of sources attributed to their

name. This count provides an independent proxy for compositional output and historical cir-

culation, capturing a dimension of prominence distinct from editorial assessments. Whereas

Grove reflects curated evaluations of biographical significance, RISM offers a window into the

documentary footprint of a composer’s work.

One advantage of using Grove and RISM is the breadth and consistency of coverage

they provide across historical periods and geographic regions. Grove’s editorial oversight

ensures structured entries and clearly defined family groupings. RISM, in turn, contributes a

complementary perspective by documenting the physical survival of musical works. Because

its source counts are based on archival cataloging rather than narrative curation, RISM is

especially valuable for capturing the historical footprint of lesser-known composers who may

receive limited biographical treatment in Grove. A key limitation, however, lies in the uneven

availability of biographical information about family connections. Prominent composers have

more detailed biographical entries and, are therefore more likely to be included in family

groupings if applicable. In contrast, dynastic ties may go unrecorded for obscure individuals

in two ways: their relatives—such as composer-parents—may not be included in Grove at all,

or their entries may omit mention of familial relationships even when both individuals are

present. This generates a form of non-classical measurement error, in which the likelihood of

3See Appendix Figure A.6 for an example of a Grove family entry.
4We also experimented with identifying dynasties by linking individuals based on shared surnames, con-

ditional on geographic and temporal proximity, but this approach produced too many false positives due to
common family names.
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correctly identifying a dynast increases with prominence. As a result, true dynasts are more

likely to be misclassified at the lower end of the prominence distribution. We return to this

issue when interpreting our main results.

To examine broader changes in the training of composers, we supplement our dataset with

information on the founding dates of music conservatories. These data are drawn from the

International Directory of Music & Music Education Institutions (IDMMEI), an initiative

affiliated with UNESCO that compiles information on post-secondary schools offering degrees

in music or music education. From this source, we identify 2,174 conservatories worldwide,

recording each school’s name, location (city, state, and country), and founding year. Founding

dates are extracted manually from the descriptive text associated with each entry, and all

locations are geocoded. These data allow us to track the historical expansion of formal music

training and to examine how the growth of conservatories relates to the decline of family-based

transmission within the profession

3.2 Descriptive statistics

Table 1, Panel A reports summary statistics on individual composers. The composer-level

sample includes over 16,000 individuals, spanning from 450 CE to the end of the twentieth

century. The mean birth year is 1825, and the mean death year is 1848. Approximately four

percent of composers are identified as dynasts, that is, they appear in a Grove family entry.

As discussed earlier, this figure likely understates the prevalence of dynastic composers, since

family ties are probably missing for many lesser-known figures. The average composer in the

sample was born during the Romantic era, a period of significant expansion in the number

and visibility of professional composers.

Occupational data from Grove indicate that many composers held multiple roles. Eleven

percent are also identified as conductors, ten percent as pianists or organists, and smaller

shares as teachers, violinists, or singers. These categories are not mutually exclusive and

overlap, especially among earlier composers, many of whom worked simultaneously as per-

formers, church musicians, and teachers. In contrast, twentieth-century composers were more
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likely to specialize, often working primarily or exclusively as composers.

Prominence is measured using word counts from the main sections of Grove entries. The

main biographical description averages 490 words, though the distribution is highly skewed,

with only one entry (Ludwig van Beethoven’s) exceeding 50,000. The “Works,” “Bibliogra-

phy,” and “Writings” sections show similarly wide variation. The average number of RISM

sources is 151, but again with substantial dispersion: some composers have no surviving

sources listed, while others are linked to thousands.

Panel B of Table 1 summarizes characteristics at the dynasty level. The average dynasty

includes just over four composers, with the largest comprising 18 members. Dynasties are

concentrated in earlier historical periods: the mean birth year for dynastic composers is 1737,

and the mean death year is 1771, placing the average dynast in the late Baroque or early

Classical period. These composers came of age before the rise of formal conservatory training

in the nineteenth century, and their livelihoods often depended on patronage systems, court

appointments, and other forms of personal connection. In many cases, access to such networks

was facilitated through family ties, reinforcing the intergenerational transmission of musical

careers. Grove entries for dynasty members are, on average, longer than those in the full

sample, but the difference between the average and maximum word count within a dynasty

suggests considerable internal heterogeneity, with many including a single well-known figure

alongside lesser-known relatives.

3.3 Dynastic patterns over time

The presence of dynastic composers has varied substantially over the course of music history.

Panel A of Table 2 reports the number of composers in each century and the percent classified

as dynasts. Among composers born before 1500, only one dynastic figure is recorded out of

246, yielding a dynastic share of less than one percent. The share rises to 4.5 percent in the

sixteenth century and continues to increase in the seventeenth century, when dynasts account

for 8.5 percent of all composers born between 1600 and 1699. The eighteenth century marks

the high point of dynastic representation: among the 2,117 composers born between 1700 and
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Table 1: Summary statistics

Obs. Mean SD Min Max

Panel A: Composer-level
Birth year 13,999 1,824.50 132.92 450.00 1,995.00
Death year 11,588 1,848.14 143.35 360.00 2,023.00
Dynastic 16,076 0.04 0.20 0.00 1.00
Occupations
Composer 16,076 1.00 0.01 0.00 1.00
Conductor 16,076 0.11 0.31 0.00 1.00
Teacher 16,076 0.08 0.28 0.00 1.00
Pianist 16,076 0.10 0.30 0.00 1.00
Organist 16,076 0.10 0.30 0.00 1.00
Violinist 16,076 0.05 0.22 0.00 1.00
Singer 16,076 0.04 0.20 0.00 1.00

Prominence measures
Main description 16,076 489.57 1,383.57 11.00 51,289.00
Works 16,076 230.37 807.26 0.00 36,340.00
Bibliography 16,076 102.00 366.67 0.00 12,249.00
Writings 16,076 12.17 52.46 0.00 1,328.00
Number of sources (RISM) 5,488 150.76 586.08 0.00 18,306.00

Panel B: Dynasty-level
First birth 239 1,737.42 93.32 1,499.00 1,956.00
Last birth 239 1,770.85 91.82 1,508.00 1,956.00
Last death 241 1,829.90 96.57 1,432.00 2,010.00
Size 247 4.18 1.94 2.00 18.00
Avg. word count 247 640.15 1,206.03 57.00 10,836.50
Max. word count 247 1,443.81 4,132.45 57.00 42,133.00

Notes: The prominence measures “main description,” “works,” “bibliography,” and “writ-
ings” refer to the word count of the corresponding sections in Grove biographies. “Number
of sources” refers to the count of sources associated with the composer in RISM. “Avg.
word count” and “Max. word count” refers to the average and maximum number of words,
respectively, in the main description for members of a given dynasty in Grove.
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1799, 260—over 12 percent—are classified as dynasts.

Table 2: Representation of dynastic composers

(a) By birth period

Birth period Composers Dynastic
Share

dynastic (%)

Pre-1500 246 1 0.41
1500-99 1,057 48 4.54
1600-99 1,219 103 8.45
1700-99 2,117 260 12.28
1800-99 3,573 150 4.20
1900-99 5,787 30 0.52

(b) By region

Region
Share

dynastic (%)

France 8.65
Low Countries 8.30
Germanic Countries 8.09
Italy 5.37
British Isles 5.23
Russia 2.11
USA 0.51
Rest of World 2.12

Global average 4.17

Notes: This table shows the share of composers identified as dy-
nastic according to Grove family groupings. Panel (a) displays the
share by birth period; panel (b) displays the share by geographical
region, with the global average reported for comparison.

After 1800, the dynastic share declines sharply. Although the absolute number of com-

posers increases substantially in the nineteenth and twentieth centuries (reaching nearly 5,800

in the 1900s), the dynastic share falls to 4.2 percent in the nineteenth century and to just 0.5

percent in the twentieth. This pattern suggests that dynastic affiliation played a significant

role in earlier periods but became increasingly marginal in the modern era.

Panel (b) of Table 2 reports the share of dynastic composers by region, aggregated across

all periods. Dynastic affiliation was most prevalent in France, the Low Countries, and the
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Germanic countries, where over 8 percent of composers were dynasts. Shares were lower in

Italy and the British Isles (around 5 percent), and substantially lower in Russia (2.1 percent),

the United States (0.5 percent), and the rest of the world (2.1 percent). These regional

patterns may reflect differences in the rules and expectations governing access to composition

as a profession, as well as variation in when systems of musical training became formalized.

Russia and the United States became active participants in the Western classical tradition

later than countries such as France, Germany, and Italy. By that time, the influence of

family background had already begun to wane, and dynastic transmission never became firmly

established.5

Figure 1 plots the lifespan of each dynasty in the dataset, measured from the birth year of

the founder to the death year of the last descendant. Each horizontal line represents a single

dynasty, sorted vertically by the birth year of its founder. The figure reveals a concentration of

dynasties between 1600 and 1800, with particularly dense activity in the eighteenth century.

The relatively steep slope of the curve during this period reflects a rapid rate of dynasty

formation. In contrast, the curve flattens after 1800, indicating that new dynasties became

increasingly rare. The overall pattern confirms that dynasties were historically concentrated

in earlier periods, when musical training and employment were often mediated by family ties.

Their decline after the early nineteenth century coincides with broader structural changes,

including the rise of conservatory-based training and the professionalization of musical careers.

Figure 2 presents a histogram of dynasty lifespans. Lifespans are grouped in 10-year

intervals. Most dynasties last between 80 and 130 years, with a peak around 100–110

years. This suggests that dynastic involvement in composition typically spanned three to

five generations—from a founder to a grandchild, great-grandchild, or in some cases a great-

great-grandchild. While a few families remained active for over 200 years, such long-lived

dynasties were rare—only 15 had a lifespan exceeding two centuries.

How large were dynasties in terms of membership? Figure 3 reports the distribution of

5Strikingly, many of the first internationally prominent composers from these countries came of age after
conservatory training was already available. Pyotr Ilyich Tchaikovsky (1840–1893), for example, was among the
first graduates of the Moscow Conservatory in the 1860s. In the United States, Edward MacDowell (1860–1908)
trained at conservatories in Paris and Frankfurt, reflecting the relatively weak role of dynastic inheritance.
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Figure 1: Lifespan and historical clustering of composer dynasties

Notes: Each horizontal line represents a dynasty, defined as a group of com-
posers linked through a Grove family entry. Lines span from the birth year of
the founder to the death year of the last descendant in the family. Dynasties
are sorted vertically by founding date.

Figure 2: Distribution of dynastic lifespans

Notes: This histogram shows the distribution of dynasty lifespans, defined as
the number of years between the birth of the founder and death of the last
descendant within each family. Each bar represents a 10-year interval.
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dynasty sizes. Nearly half of all dynasties consist of exactly three composers, with almost

120 such families in the sample. Another 50 dynasties include four composers, and about 30

include five. The number of dynasties declines steadily with each additional member, and

large dynasties are rare. Only a small number include more than ten composers, including

the Bach family, who reach fourteen.

Figure 3: Distribution of dynasty size by number of members

Notes: This histogram shows the distribution of dynasty sizes, measured by
the number of composer-members identified within each Grove family entry.

The relationship between family-based transmission and the rise of formal music education

is illustrated in Figure 4, which plots the dynastic share of composers by birth cohort alongside

the cumulative number of conservatories established in Europe. The dynastic share follows the

pattern reported earlier in panel (a) of Table 2: it rises gradually from the sixteenth century

and peaks around 1750, when more than 12 percent of composers came from musical families.

After 1800, this share declines sharply, falling below five percent by the mid-nineteenth century

and approaching zero by 1900. In contrast, the number of conservatories remains minimal

until the early nineteenth century, then increases rapidly—especially after 1850—eventually

surpassing 2,000 institutions. This divergence suggests that the spread of conservatory-based
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training reduced the importance of family-based transmission. As formal instruction became

more widely available, entry into the profession became less dependent on familial ties.

Figure 4: The decline of dynasties and the rise of conservatories

Notes: This figure plots the fraction of composers in each birth cohort who
are part of a dynasty and the cumulative number of conservatory openings.

4 Dynasty and prominence: empirical analysis

4.1 Baseline estimates of the dynasty effect

To estimate the relationship between dynastic background and a composer’s prominence, we

begin with the following general specification:

log(Yi) = β ·Dynastici + αc + δt + θo + ηj + εi (3)

In this equation, Yi denotes a measure of prominence for composer i. Our primary specification

uses the natural logarithm of the word count in the main biographical entry in Grove Music

Online, but we also estimate parallel regressions using the number of sources attributed to

each composer in the Répertoire International des Sources Musicales (RISM), applying the
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transformation log(Yi +1) in that specification to accommodate zero values in the number of

sources. The variableDynastici is a binary indicator equal to one if composer i is listed as part

of a musical family based on Grove’s family entries. The specification includes fixed effects for

country of birth (αc), to control for geographic variation in opportunities and documentation;

for half-century-of-birth cohort (δt), to absorb long-run historical changes in the size and

structure of the composer population and to account for differences in average prominence

across musical eras; for occupation (θo), to capture systematic differences in prominence across

occupational categories; and—when using Grove as the outcome—for biographical author

(ηj), to control for stylistic variation across contributors. Standard errors are clustered at the

country level.

Columns (1) to (3) of Table 3 presents the results using Grove word count as the outcome

variable. In the baseline specification (column 1), which includes country and cohort fixed

effects, the coefficient on the dynastic indicator is negative and statistically significant, imply-

ing that dynastic composers are less prominent than their non-dynastic counterparts. Adding

occupation fixed effects in column (2) does little to alter the estimate, suggesting that the dis-

count is not driven by systematic differences in the types of roles dynasts held.6 Column (3)

adds author fixed effects to account for variation in contributor style. The estimated discount

increases slightly in magnitude to 0.156 log points, equivalent to a 14.4 percent reduction in

word count.7 The dynasty discount is also robust to alternative specifications that use word

counts from other Grove sections—including “Works,” “Writings,” and “Bibliography”—as

dependent variables (see Appendix Table A.3). These sections capture different facets of

historical recognition: productivity (works), scholarly contributions (writings), and later ci-

tations or biographical treatments (bibliography). The findings from Grove therefore support

the prediction from our conceptual framework that dynastic composers, who faced lower en-

try costs, entered at a lower average ability level, leading to reduced average prominence as

reflected in expert assessments.

6In an alternative specification (not shown), we control directly for the number of occupations instead of
including occupation fixed effects. The results are nearly identical, indicating that occupational diversification
does not explain the dynasty discount.

7If we include all fixed effects—country, cohort, occupation, and author—the coefficient on dynastic is -0.16
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Table 3: Dynasty premium

log(word count) log(num. sources + 1)

(1) (2) (3) (4) (5)

Dynastic −0.091∗∗ −0.092∗∗ −0.156∗∗∗ −0.261∗∗ −0.242∗∗

(0.045) (0.046) (0.052) (0.100) (0.110)

Country FE ✓ ✓ ✓ ✓ ✓
Half-century FE ✓ ✓ ✓ ✓ ✓
Occupation FE ✓ ✓
Author FE ✓

Observations 13,419 13,419 13,293 5,116 5,116
Adjusted R2 0.045 0.048 0.454 0.267 0.270

Notes: The dependent variable in columns (1)–(3) is the natural logarithm of the number of words
in the main description of composer i in Grove. The dependent variable in columns (4)–(5) is the
natural logarithm of one plus the number of sources in RISM associated with composer i. Dynastic
is a binary variable equal to one if composer i is part of a dynasty. Standard errors are clustered at
the country level.
Significance levels: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.

Columns (4) and (5) of Table 3 present analogous regressions using RISM source counts as

the dependent variable. As with the Grove results, dynastic composers appear less prominent

than their non-dynastic counterparts. In the baseline specification (column 4), the dynasty

coefficient is -0.261, corresponding to 23.0 percent fewer sources. When occupation fixed

effects are included (column 5), the magnitude remains similar (-0.242 log points, or 21.5

percent fewer sources).

These results should be interpreted in light of two empirical concerns discussed earlier.

First, the use of Grove as a measure of prominence may introduce bias due to asymmetric

inclusion thresholds. Editors may be more likely to include marginal dynasts—particularly

descendants—for the sake of genealogical continuity, while holding non-dynasts to a higher

bar. This editorial asymmetry would artificially lower the average prominence of dynastic

composers in Grove, mechanically generating a dynasty discount even in the absence of real

differences in quality. Our inclusion of RISM addresses this concern by offering a complemen-

tary measure based on archival source counts rather than expert curation. That the discount

persists, and indeed becomes more pronounced, when using RISM as the outcome suggests

log points with a standard error of 0.05 (statistically significant at the one percent level).
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that the observed pattern is not simply an artifact of editorial inclusion bias.

Second, dynastic status is likely measured with error. Some dynasts may be misclassified

as non-dynasts either because their relatives are missing from Grove altogether or because,

even when their relatives are included, the relevant family connections go unreported. If this

measurement error is classical—that is, if the probability of misclassification is uncorrelated

with a composer’s prominence—it will attenuate our estimate toward zero, implying that the

true dynasty discount is larger than what we estimate. More plausibly, the error is non-

classical: prominent composers are more likely to be identified as dynasts simply because

more is known about them, which implies that dynastic classification is positively correlated

with the outcome variable. In this case, the dynasty discount we estimate may also understate

the true effect. In either scenario, the likely direction of bias strengthens the interpretation

that dynastic composers are, on average, less prominent than their peers.8

4.2 Founders versus descendants

The dynasty discount estimated in Section 4.1 reflects the average prominence gap between

composers from dynastic backgrounds and their non-dynastic peers. However, this average

masks heterogeneity within dynasties themselves. In particular, it is useful to distinguish

between founders, the first family members to achieve sufficient prominence to be included

in Grove, and their descendants, who may enter the profession under different conditions.

This distinction maps naturally onto the conceptual framework introduced in Section 2, in

which individuals sort into occupations based on ability and entry costs. Founders and non-

dynasts face similar costs of entry and should therefore exhibit similar ability thresholds and

average outcomes. Descendants, by contrast, may benefit from inherited name recognition,

elite contacts, or privileged access to positions, advantages that could reduce the stringency

of selection. In many historical settings, musical appointments were passed down informally

or by custom, particularly in regions where family reputation substituted for formal creden-

8We addressed survivorship bias in RISM source counts in footnote 2, noting that any such bias would
likely attenuate our estimates, making the observed dynasty discount a lower bound.
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tials.9 In such environments, family background may have facilitated entry into the profession

independent of underlying ability. The Roy model predicts that when barriers to entry are

lower for dynastic descendants, the average quality of those who enter will decline relative to

that of founders or non-dynasts.

To evaluate whether the dynasty discount is concentrated among descendants, we estimate

the following extension of our baseline model:

log(Yi) = β1 ·Dynastici + β2 · Founderi + αc + δt + θo + ηj + εi (4)

As before, Yi is a measure of the prominence of composer i—either the word count of their

Grove entry or the number of sources attributed to them in RISM. The variable Dynastici

is an indicator equal to one for all dynastic composers, whether founder or descendant, while

Founderi is an indicator equal to one for the first born member of a dynasty. The reference

group is therefore the set of non-dynastic composers (i.e., those for whom both indicators

are equal to zero). Under this coding, the coefficient β1 captures the average difference in

prominence between descendants and non-dynasts, while β2 captures the difference between

founders and descendants. The overall difference between founders and non-dynasts is there-

fore given by the sum β1+β2. We also include country-of-birth fixed effects (αc), half-century

of birth fixed effects (δt), occupation fixed effects (θo) and—when using Grove word count as

the outcome—author fixed effects (ηj).

Columns (1) to (3) of Table 4 present the results using Grove word count as the dependent

variable, while columns (4) and (5) report the corresponding estimates based on the number

of sources in RISM. Regardless of specification or measure of prominence, descendants are

significantly less prominent than non-dynasts, while founders are more prominent than other

members of their dynasty. However, across all regressions, F-tests indicate that founders do

not differ significantly from non-dynasts in overall prominence. These results suggest that the

dynasty discount is driven primarily by negative selection among descendants rather than by

9A well-known example comes from Thuringia—a region in east-central Germany where the Bach family
was active in the seventeenth and eighteenth centuries—where the name “Bach” became so closely associated
with musical employment that it was commonly used as a synonym for “musician”. See Hanning (2014, p.
274).
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Table 4: Dynasty founder premium (full sample)

log(word count) log(num. sources + 1)

(1) (2) (3) (4) (5)

Dynastic −0.170∗∗ −0.275∗∗∗ −0.272∗∗∗ −0.349∗∗ −0.325∗

(0.076) (0.057) (0.060) (0.174) (0.188)
Founder 0.201∗ 0.260∗∗∗ 0.265∗∗∗ 0.222 0.209

(0.108) (0.092) (0.095) (0.238) (0.236)

Country FE ✓ ✓ ✓ ✓ ✓
Half-century FE ✓ ✓ ✓ ✓ ✓
Occupation FE ✓ ✓
Author FE ✓

p-value (β1 + β2 = 0) 0.583 0.860 0.932 0.253 0.243
Observations 13,419 13,293 13,293 5,116 5,116
Adjusted R2 0.046 0.458 0.455 0.267 0.270

Notes: The dependent variable in columns (1)–(3) is the natural logarithm of Grove word count.
The dependent variable in columns (4)–(5) is the natural logarithm of the number of RISM sources
plus one. Founder is a binary indicator equal to one for the first-born composer in a given dynasty.
Dynastic is a binary indicator equal to one if a composer is a dynast (founder or descendant). The
p-value is from an F-test that the sum of the coefficients on Dynastic and Founder equals zero.
Standard errors are clustered at the country level.
Significance levels: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.

dynastic affiliation per se, consistent with the theoretical framework discussed earlier.

While the full-sample regressions provide evidence that founders are more prominent than

descendants, they do not fully isolate the role of founder status from broader differences across

dynasties. Founders may appear more prominent simply because they tend to come from

especially notable families, such as the Bachs, whose name recognition, regional visibility, or

editorial treatment in Grove may confer advantages to all members of the family. To address

this concern, we estimate a more restrictive specification that includes dynasty fixed effects and

limits the sample to composers from dynastic families. This within-dynasty approach allows

us to compare founders and descendants within the same family, holding constant all dynasty-

level characteristics. Importantly, this strategy also helps mitigate bias from family-specific

inclusion thresholds. If certain dynasties—whether famous or obscure—are more likely to

have marginal descendants included in Grove because of their name, that bias applies equally

to all members of the dynasty and is absorbed by the fixed effect. By comparing members of
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the same dynasty, the within-family design offers a more credible estimate of the prominence

gap attributable to founder status, holding constant family-level prominence and editorial

inclusion thresholds.

We implement this strategy by estimating the following within-dynasty regression model,

which exploits variation in founder status among members of the same family:

log(Yid) = β · Founderid + γd + αc + δt + εid (5)

Here, log(Yid) denotes a measure of the prominence of composer i’s within dynasty d, proxied

either by the word count of their Grove entry or by the number of sources attributed to

them in RISM. The variable Founderid is a binary indicator equal to one if composer i is the

earliest-born member of their dynasty. The model includes dynasty fixed effects γd, which

absorb all family-level characteristics that are shared by members of the same lineage, as well

as country-of-birth fixed effects (αc) and half-century-of-birth cohort fixed effects (δt).

Table 5: Within-dynasty premium

log(word count) log(num. sources + 1)

(1) (2) (3) (4) (5) (6)

Founder 0.418∗∗∗ 0.424∗∗∗ 0.424∗∗∗ 0.640∗∗ 0.585∗ 0.648∗

(0.123) (0.111) (0.119) (0.306) (0.310) (0.331)
Years since founder 0.001 −0.007

(0.005) (0.008)
Last member −0.037 −0.782

(0.138) (0.647)

Country FE ✓ ✓ ✓ ✓ ✓ ✓
Half-century FE ✓ ✓ ✓ ✓ ✓ ✓
Dynasty FE ✓ ✓ ✓ ✓ ✓ ✓

Observations 567 567 560 391 391 385
Adjusted R2 0.180 0.177 0.179 0.162 0.159 0.162

Notes: Years since founder is the difference in birth years of composer i in dynasty d and its
founder. Last member is a binary indicator equal to one if composer i is the last-born member of
dynasty d. Standard errors are clustered at the country level.
Significance levels: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.

The results, displayed in Table 5, confirm that founders are substantially more prominent

than other members of their family. In the Grove regressions, founders have biographical
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entries that are more than 50 percent longer than those of their dynastic descendants. The

effect is even larger in the RISM regressions, where founders have at least 80 percent more

surviving sources. These results are robust to the inclusion of additional controls for chrono-

logical position within the family, such as the number of years since the birth of the dynasty

founder and an indicator for whether the composer is the last-known member of their dynasty.

Because these estimates are identified from within-dynasty variation, they provide stronger

evidence that the prominence gap between founders and descendants reflects real differences

in selection, not unobserved variation across dynasties.

As a further test of our selection-based interpretation, we examine how a composer’s

prominence varies with their position in the birth order within the dynasty. Rather than

relying solely on a binary founder–descendant distinction, we estimate a model in which each

dynasty member is categorized based on their chronological position within the family. Fig-

ure 5 plots the resulting coefficients, using the founder (first-born) as the reference group

and the log of Grove word count as the measure of prominence. The regression is estimated

on the within-dynasty sample and includes dynasty, country, and cohort fixed effects. The

results show a decline in prominence after the founder, with second- through fifth-born mem-

bers significantly less prominent on average. Although the point estimates are not strictly

monotonic, the overall pattern is consistent with progressively weaker selection as dynasties

expand. Confidence intervals widen at higher birth orders, reflecting the smaller number of

dynasties with many members, but the downward trajectory supports the interpretation that

dynastic affiliation reduces barriers to entry over time.

5 Training, conservatories, and the transformation of dynastic

advantage

Our analysis so far has treated the dynasty effect as time-invariant, estimating average dif-

ferences in prominence between dynastic and non-dynastic composers. However, the nature

of dynastic advantage was unlikely to be constant across centuries. As shown in Figure 4,

the prevalence of dynastic composers declined dramatically during the nineteenth and twen-
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Figure 5: Effect of order within dynasty on prominence

Notes: This figure shows the estimated coefficients from a regression of
log(word count) on within-dynasty order, dynasty fixed effects, country fixed
effects, and half-century fixed effects. Error bars indicate 95% confidence in-
tervals.
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tieth centuries, the period in which conservatories proliferated in Europe and North America.

These formal training centers became an increasingly important gateway into the profession,

replacing informal inheritance with standardized credentials and broadening access to compo-

sitional training. As predicted by the model developed in Section 2, if conservatories lowered

the cost of entry for non-dynasts, we would expect the prominence gap to narrow or even

reverse. By reshaping how composers entered the profession, conservatories may have altered

the selective pressures faced by dynasts.

In this section, we proceed in three steps. First, we analyze Grove biographies for evi-

dence that dynasts and non-dynasts differed in their reliance on formal training pathways.

Second, we estimate how the dynasty discount evolved across birth cohorts. Third, we test

whether conservatory exposure moderated the dynasty effect, using a proxy for local access

to credentialed instruction.

5.1 Evidence of differential reliance on formal training

Our conceptual framework posits that family background lowers the cost of entering composi-

tion as a profession. Dynasts may benefit from early exposure to music, informal instruction,

and privileged access to professional networks or patronage. These advantages could reduce

their reliance on formal training through conservatories or other credential-granting institu-

tions. But not all dynasts are alike: descendants, in particular, may have inherited advantages

that founders did not. If these differences mattered, we would expect them to be reflected not

only in long-run outcomes, but also in how early training is described in biographical sources.

We therefore examine whether Grove biographies emphasize formal instruction differently

for founders, descendants, and non-dynasts, an indirect test of whether family background

substituted for credentialed training, a key assumption behind the dynasty discount.

We use two complementary approaches to measure the emphasis on formal musical train-

ing in Grove biographies. The first relies on keyword analysis. We identify references to

formal training in each composer’s entry using a curated list of training-related terms (see

Appendix A). Specifically, we code whether a biography contains any training reference, the
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number of times such keywords appear, and the fraction of words in the biography devoted to

training-related content per 100 words. The keyword list is derived from word frequencies in

the IDMMEI database’s descriptions of conservatories, academies, and other music schools.

Because these profiles emphasize the core features of credential-based instruction, the most

frequent terms provide a data-driven proxy for the language of formal musical education. To

ensure relevance, we remove common stopwords and retain only terms that appear at least

five times across all profiles. Keywords that could refer to informal or familial contexts (e.g.,

“training” or “student”) are excluded to ensure that the list reflects formal educational path-

ways rather than more diffuse learning environments. To validate this approach, we plot the

share of Grove composer biographies with training-related keywords by birth-decade cohort

against the number of conservatory openings by decade. The two series track each other

closely (r = 0.92), supporting the use of keywords as a proxy for exposure to formal training

(see Appendix A Figure A.1).

The second approach constructs a continuous index using pre-trained sentence embeddings

from the Sentence Transformers library (see Appendix B for construction details, validation

using anchor sentences, and the distribution of scores across biographies). Each biography

is represented as a vector that captures the contextual meaning of its sentences. We score

these vectors based on their alignment with a semantic axis running from informal to formal

training, defined by contrasting sets of anchor sentences such as “He earned a degree in

composition from a prestigious institution” versus “He picked up piano by ear with no formal

instruction.” This method improves on the keyword-based approach by capturing semantic

meaning even when biographies use varied phrasing or implicitly refer to formal instruction. It

also avoids misclassification in cases where keywords like “conservatory” appear in a negated

context.

We focus initially on the first quarter of each biography, where early-life education and

training are most likely to be discussed. This segment provides the clearest window into

the conditions under which composers entered the profession, making it the most relevant

for assessing whether founders, descendants, and non-dynasts followed different preparatory
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pathways. To evaluate the scope and persistence of any differences, we also replicate the

analysis using the full text of each biography. This serves as a diagnostic check: if the dynastic

gap is concentrated in the early part of the text and attenuates thereafter, it supports the

interpretation that dynasts were less reliant on formal training at the point of entry, rather

than reflecting systematic differences in the overall depth or structure of biographical coverage.

This logic applies to both the keyword-based and embedding-based measures, each of which

is computed separately for the first quarter and the full biography. All regressions control for

log word count and include fixed effects for country and birth cohort to ensure comparability

across biographies of different lengths, regions, and historical contexts.

Panel (a) of Table 6 presents the results for the first quarter of each biography. Dynastic

descendants are 15 percentage points less likely than non-dynasts to have any mention of

formal training in this segment, a substantial gap relative to the sample mean. The count

and fraction of training-related keywords are likewise significantly lower, and the embedding-

based index similarly indicates less emphasis on formal instruction. Founders lie between

descendants and non-dynasts on all measures: they are more likely than descendants to

have training mentioned, but less so than non-dynasts. These patterns suggest that formal

instruction played a smaller role in the early development of dynasts, especially descendants,

consistent with the idea that family background partially substituted for credentialed training.

Panel (b) extends the analysis to the full biographies. The estimated differences remain

statistically significant in most specifications but are attenuated relative to the early-life re-

sults. Dynastic descendants are 10.9 percentage points less likely than non-dynasts to have

any mention of formal training, a reduction of roughly 28 percent compared to the first-quarter

estimate. The count and fraction of training-related keywords also shrink substantially, and

the embedding-based index shows a smaller gap, consistent with the attenuation seen in the

keyword-based measures. Founders again fall between descendants and non-dynasts: they

show no significant difference relative to descendants in mentions or the embedding index,

but exhibit modestly higher keyword fractions. The attenuation of the dynast–non-dynast

gap in the full-biography results likely reflects the inclusion of mid- or late-career references—
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Table 6: Mentions of formal training in biography

(a) First quarter of biography

Mention Count Fraction Index

(1) (2) (3) (4)

Dynastic −0.150∗∗∗ −0.423∗∗∗ −0.499∗∗∗ −0.053∗∗∗

(0.019) (0.068) (0.069) (0.003)
Founder 0.047∗ 0.191∗ 0.182∗∗ 0.011∗∗

(0.026) (0.104) (0.085) (0.005)

Biography length ✓ ✓ ✓ ✓
Country FE ✓ ✓ ✓ ✓
Half-century FE ✓ ✓ ✓ ✓

Mean dep. var 0.557 1.353 1.507 0.002
Observations 13,419 13,402 13,419 13,419
Adjusted R2 0.265 0.284 0.157
Pseudo R2 0.256

(b) Full biography

Mention Count Fraction Index

(1) (2) (3) (4)

Dynastic −0.109∗∗∗ −0.165∗∗∗ −0.160∗∗∗ −0.037∗∗∗

(0.020) (0.051) (0.022) (0.003)
Founder 0.047 0.008 0.096∗ 0.006

(0.041) (0.096) (0.051) (0.004)

Biography length ✓ ✓ ✓ ✓
Country FE ✓ ✓ ✓ ✓
Half-century FE ✓ ✓ ✓ ✓

Mean dep. var 0.704 2.795 0.833 −0.009
Observations 13,419 13,415 13,419 13,419
Adjusted R2 0.208 0.281 0.134
Pseudo R2 0.267

Notes: This table reports estimates of the likelihood of having musical training
mentioned in Grove biographies by dynasty status. Founder is a binary indicator
equal to one for the first-born composer in a given dynasty. Dynastic is a binary
indicator equal to one if a composer is a dynast (founder or descendant). Panel (a)
restricts the analysis to the first quarter of each biography, where early-life training
is most likely to be mentioned. Panel (b) uses the entire biography for compari-
son. “Mention” refers to whether any of the terms in our keyword list appear at
least once; “Count” is the number of keyword matches; and “Fraction” refers to
the proportion of words in the biography that match our training-related terms
(per 100 words). “Index” refers to the “Formality-of-training”-score described in
Appendix B. The regressions in columns (1), (3), and (4) are estimated using OLS,
while column (2) is estimated using Poisson regression. All regressions include the
logarithm of the word count as a control.
Significance levels: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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such as teaching posts or academic honors—that dilute the signal from early training. Even

so, the persistence of significant differences, especially for descendants, supports the view that

family background influenced entry pathways into the profession.10

5.2 Temporal patterns in dynastic advantage

To determine whether the dynasty effect shifted over time, we re-estimate our baseline Grove

specification (i.e., equation 3) separately by century of birth. This cohort-based approach

allows us to trace how the prominence gap between dynastic and non-dynastic composers

evolved across periods marked by major changes in professional training. For each century,

we estimate multiple versions of the model that vary in their inclusion of country, cohort, and

author fixed effects, providing a robustness check on the resulting pattern.

Figure 6 plots the estimated coefficients on the dynastic indicator for each century, across

the different fixed effects specifications. The results show a marked dynasty discount in the

eighteenth and nineteenth centuries, where dynastic composers appear systematically less

prominent than their peers. In the twentieth century, however, the dynasty effect reverses

direction: the estimates turn positive, and in some cases statistically significant, despite

smaller sample sizes. This shift suggests that the historical relationship between dynastic

background and prominence was not constant but evolved over time, potentially in response

to broader changes in how composers entered the profession.

This temporal pattern also offers a useful test of a concern raised earlier: that the dynasty

discount found in Grove might reflect editorial bias, specifically, a tendency to include dynasts

for genealogical reasons, even when their accomplishments were limited. If this were the case,

we would expect the estimated dynasty effect to persist or even grow more negative over

time, especially as genealogical information became more complete and editors were better

10Appendix Figure A.7 visualizes differences in training references across thresholds defined by the portion
of each Grove biography scanned for keywords (e.g., first 10 percent, 25 percent, etc.). Dynasts are consistently
less likely to have formal training mentioned, and the gap is largest in the earliest sections, where educational
background is typically introduced. For the most interpretable measures (e.g., training mention and training
fraction), the effect attenuates as more of the biography is included, consistent with the interpretation that
dynasts were less reliant on credentialed training at the point of entry. A similar pattern appears with the
embedding-based index, which also shows the largest differences in the earliest sections. See Appendix B,
Figure A.4.
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Figure 6: Temporal variation in the dynasty effect

Notes: This figure shows the estimated coefficients from regressions of
log(word count) on Dynastic, a binary indicator equal to one if composer i
is part of a dynasty. The legend details the fixed effects included in the re-
spective regressions. Error bars indicate 95% confidence intervals.
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able to identify family relationships. Later dynasts, particularly those born in the twentieth

century, would then be even more prone to inclusion at low thresholds of prominence. Yet we

find the opposite: the dynasty discount disappears and becomes a premium. This reversal is

difficult to reconcile with the editorial bias hypothesis. A more plausible explanation is that

the selection mechanism into musical composition changed over time. In earlier centuries,

dynastic background often granted access to positions through family ties, patronage, or

informal training networks. By the twentieth century, however, access increasingly depended

on formal instruction and credentialed evaluation. As conservatories expanded, the cost of

entry for non-dynasts declined substantially. If this cost fell below that of dynasts—whether

because conservatories disproportionately benefited outsiders or because high-ability dynasts

had more attractive outside options—the selection threshold would reverse, with only the most

talented dynasts entering the profession. The emergence of a dynasty premium is consistent

with this shift from inherited roles to competitive credentialing.

5.3 Conservatories and dynastic prominence

To explore further whether the prominence of dynastic composers is shaped by access to formal

training, we estimate regressions that interact dynastic status with exposure to conservatories.

The goal is to test whether the dynasty discount varies systematically across different training

environments. We proxy conservatory access using a binary indicator for whether composer

i was born in a location and time period where a conservatory existed. The specification

includes an interaction term to capture whether the prominence gap between dynasts and

non-dynasts is attenuated—or even reversed—under formal training regimes:

log(Yi) = β1 ·Dynastyi + β2 · Conservatoryi

+ β3 · (Dynastyi × Conservatoryi) + αc + δt + εi (6)

As before, Yi denotes the prominence of composer i measured using either Grove word counts

or the number of RISM sources. The coefficient β1 captures the average dynasty discount
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in settings without conservatory access, while β3 captures how that discount changes in the

presence of formal training institutions. All regressions include fixed effects for country of birth

and half-century of birth. In some specifications, we also include occupation fixed effects and

fixed effects for Grove author. If conservatories raised entry standards and shifted selection

toward ability, we expect β1 < 0 (a dynasty discount in the absence of conservatories) and

β3 > 0 (an attenuation or reversal of that discount when conservatories are present).

There are several reasons to treat this analysis cautiously. First, conservatories were not

randomly placed; founding decisions reflected local politics and demand, and the resulting

bias could go in either direction. Second, exposure is measured coarsely: any composer born

within 100 km of an operating conservatory by age 15 is coded as treated, although actual

enrollment is unobserved. Accordingly, non-differential misclassification will attenuate esti-

mates toward zero. Third, the binary indicator conflates elite academies with small teaching

schools, and many conservatories were founded in regions with few dynasts (e.g., Russia and

North America), both of which further bias the interaction toward zero. In light of these

limitations, we interpret the results as suggestive rather than definitive, but note that any

observed attenuation of the dynasty discount is likely a lower bound.

Regression results are shown in Table 7. In columns (1)-(3) the dependent variable is Grove

word count while in columns (4) and (5) it is RISM source counts. We report Conley standard

errors, which account for spatial correlation in unobservables that decay with distance (Con-

ley, 1999). This adjustment is important because treatment is geographic: composers born

near the same conservatory may share unobserved regional advantages not fully absorbed by

country or cohort fixed effects. In all specifications, the interaction between dynastic sta-

tus and conservatory exposure is positive. This suggests that dynasts fared relatively better

in settings where formal training was more accessible. The interaction remains consistently

positive and of a similar order of magnitude when we vary the distance used to define expo-

sure (from 20 to 200 km).11 These results align with our Roy model: credential-based entry

may have raised standards, narrowing the performance gap by filtering out weaker dynastic

entrants.

11See Appendix Figure A.8.
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Table 7: Conservatories and dynastic prominence

log(word count) log(num. sources + 1)

(1) (2) (3) (4) (5)

Dynastic −0.221∗∗ −0.249∗∗∗ −0.227∗∗ −0.499∗∗∗ −0.455∗∗∗

(0.100) (0.052) (0.096) (0.046) (0.064)
Exposure −0.032 −0.021 −0.031 −0.124∗∗ −0.121∗∗

(0.021) (0.023) (0.022) (0.060) (0.061)
Dynastic × Exposure 0.155∗ 0.111∗ 0.162∗∗ 0.289∗ 0.260∗

(0.081) (0.062) (0.075) (0.149) (0.156)

Country FE ✓ ✓ ✓ ✓ ✓
Half-century FE ✓ ✓ ✓ ✓ ✓
Author FE ✓
Occupation FE ✓ ✓

Observations 13,419 13,293 13,419 5,116 5,116
Adjusted R2 0.046 0.454 0.048 0.267 0.271

Notes: The dependent variable in columns (1)-(3) is the natural logarithm of the total word count,
while the dependent variable is the natural logarithm of the number of sources reported in RISM
plus one in columns (4)-(5). Conley standard errors are reported throughout.
Significance levels: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.

To test whether the conservatory interaction reflects genuine selection rather than omitted

advantages, we run three checks. First, we ask whether dynastic composers in conservatory

regions live longer—using age at death as a health proxy—and find the interaction term

is indistinguishable from zero. Second, we repeat the exercise with an elite social status

index built from sentence embeddings of the opening lines of each Grove biography; this

interaction term is small and statistically insignificant.12 Both results indicate that healthier

or better-connected dynasts are not driving our main finding. Third, we create an exposed too

late variable that equals one if a conservatory first opened within 100 km of the composer’s

birthplace only after the composer had turned 30—too late to affect training. If geography

rather than access explained the pattern, the interaction between dynastic and exposed too

late should still be positive; instead it turns negative (and usually significant), reinforcing the

view that timely conservatory access, not regional advantages, narrows the dynasty gap (see

Appendix Tables A.4–A.6 for full results).

Finally, as a robustness check, we re-estimated our interaction regressions using a proxy for

12Appendix C provides details on the construction of the social status index.
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exposure to formal musical training based on the density of formal training-related keywords

in the first quarter of each Grove biography.13 This keyword-based measure complements our

geographic exposure strategy and yields consistent results: the interaction between dynastic

status and training exposure is positive and statistically significant across both Grove word

count and RISM source count specifications, reinforcing the conclusion that access to formal

training mitigates the dynasty penalty (see Appendix Table A.7 for full results).14

6 Conclusion

This paper examines how family background shaped entry into the profession of classical

composition over a millennium of music history. Drawing on new data covering over 16,000

composers, we link dynastic status to long-run measures of recognition and archival presence.

We find that dynastic composers are, on average, less prominent than their non-dynastic

peers, but this discount is driven entirely by descendants. Founders—those who initiated

a musical lineage—perform on par with non-dynasts, while descendants underperform both.

This is consistent with negative selection: when entry was governed by informal training

and family-based patronage, dynastic affiliation may have lowered barriers to entry without

ensuring high ability.

We interpret this pattern through a Roy-style model of occupational choice, in which

family ties lower the cost of entering the profession. The model helps clarify when and why

dynastic affiliation might weaken selection, by enabling entry regardless of ability, and when

it might reflect comparative advantage. It also helps make sense of a central empirical finding:

the dynasty discount is strongly negative in earlier centuries but becomes positive in the twen-

tieth century, coinciding with the expansion of conservatory-based training. In this context,

dynastic affiliation may have functioned less as a substitute for talent and more as a comple-

13We use the number of training-related keywords per 100 words, rather than raw keyword counts, to reduce
the risk of reverse causality stemming from the fact that longer biographies are mechanically more likely to
contain more keywords.

14The coefficient on exposure is negative in most specifications, particularly when RISM is the outcome.
This may reflect shifts in the occupational profile of formally trained composers, who were more likely to engage
in teaching, administration, or scholarly writing than in composing music.
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ment to it. Supporting this interpretation, we find that dynasts are significantly less likely to

have formal training mentioned in the early sections of their biographies, consistent with the

idea that family ties substituted for credentialed instruction. Additional regressions using ge-

ographic proximity to conservatories show that the dynasty discount is smaller in regions and

periods where formal training was available. Though not a causal design, the pattern survives

placebo and timing falsification tests, is robust to text-based measures of formal training, and

aligns with the model’s predictions, lending confidence to the interpretation that credentialing

reforms tightened selection.

To assess the broader implications of dynastic underperformance, we conduct an illustra-

tive counterfactual exercise that combines two components: the average shortfall in measures

of composer prominence among dynastic descendants, and a stylized estimate of the loss from

excluding exceptionally high-ability individuals who might otherwise have entered the field.

The first component is based on regression-adjusted gaps in prominence—24 percent in Grove

word counts and 30 percent in RISM archival source counts (see Table 4)—under the as-

sumption that dynastic descendants performed as well as average non-dynasts. Given that

descendants comprise 2.8 percent of our sample, this implies baseline losses of 0.67 percent

in Grove and 0.83 percent in RISM. To this, we add an estimate of tail losses, assuming that

dynastic entry displaced ten individuals who would have been two standard deviations above

the mean and one who would have been three standard deviations above, consistent with a

normal distribution applied to a group of 456 displaced non-dynasts. Because creative im-

pact is highly skewed, even a few such exclusions can generate disproportionately large losses.

Including these tail losses and adjusting the baseline to avoid double-counting, we estimate

combined welfare losses of 1.05 percent in Grove and 1.40 percent in RISM. If the share of

dynastic descendants were as high as 15 percent—a conservative figure, well below the roughly

one-fifth to one-quarter prevalence documented for European craft guilds and late-medieval

Flemish trades (Prak et al., 2020; Stabel, 2007)—the implied welfare losses would rise to 5.67

percent for Grove and 7.5 percent for RISM. See Appendix D for a full derivation of these

estimates.
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These estimates are conservative in several respects. First, the descendant–non-dynast

performance gap is estimated over the full sample, including the twentieth century, when

the dynasty discount reverses. The true gap in earlier centuries, when family background

and informal training dominated, was likely larger. Second, we assume a normal distribution

of talent to approximate tail losses, but the actual distribution of creative impact is almost

certainly more fat-tailed This makes the assumed tail-loss scenario conservative, and suggests

that the real consequences of lost genius may be substantially greater (Merton, 1968; Jones,

2014).15 Third, our calculations assume one-for-one displacement of non-dynasts by dynastic

composers, but dynastic dominance may also have discouraged broader participation, either

by reducing the expected returns to training or by shaping social norms around who belonged

in the profession.16 These general equilibrium effects are not captured in our estimates but

could magnify the long-run consequences of restricted entry (e.g., Heckman and Honoré,

1990; Hsieh et al., 2019). Fourth, our outcome measures reflect only the most visible forms of

historical significance, and do not account for lost stylistic diversity, interrupted pedagogical

lineages, or the broader cultural costs of excluding high-ability outsiders.

More generally, these findings contribute to a growing literature on the allocation of talent

and the conditions under which inherited advantage either facilitates or distorts achievement.

While our study focuses on classical music, the mechanisms we identify—linking family back-

ground, selection thresholds, and career outcomes—apply broadly across high-skill professions.

Recent empirical work shows that family background and early exposure shape who enters

innovative and high-impact careers, limiting the realization of latent talent among disadvan-

taged groups (Bell et al., 2019). Theoretical and quantitative research further demonstrates

15If we assume a Pareto distribution of prominence with shape parameter α = 1.5—a value commonly
observed in empirical studies of citations, fame, and creative success (e.g., Clauset et al., 2009)—tail losses
rise to 0.52 percent in Grove and 0.74 percent in RISM, and combined welfare losses increase to 1.19 and 1.64
percent, respectively. If prominence follows a Zipf distribution (α = 1), the corresponding figures rise further
to 1.36 and 1.85 percent. Under a 15 percent descendant share, total losses reach 6.38–7.29 percent (Grove)
and 8.79–9.91 percent (RISM). See Appendix D for details.

16Historical evidence suggests that dynasties created quasi-hereditary pipelines into compositional careers,
limiting opportunities for outsiders. In Paris, the Couperin family held the organist post at Saint-Gervais for
over 170 years. In Restoration England, the Purcell family held successive appointments at court and the
Chapel Royal. The Scarlatti family secured prestigious musical posts across Italy, Portugal, and Spain, often
through court patronage. And in nineteenth-century Vienna, the Strauss family dominated the waltz scene for
decades. Such dynastic control likely deterred outsiders from entering the field, especially in periods without
formal credentialing.
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that such distortions in the allocation of talent can have substantial aggregate consequences

for innovation and long-run growth (e.g. Murphy et al., 1991; Jones, 2014; Hsieh et al., 2019).

Understanding when lineage enhances performance and when it undermines selection is es-

sential for evaluating how talent is cultivated and deployed over time. Although historical

misallocations cannot be reversed, they offer a powerful lens for understanding the costs of

inefficient talent allocation and the potential gains from expanding opportunity.
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Appendix

Appendix A: Identifying keywords related to formal musical
training

A.1 Keyword selection criteria

To identify musicians with formal musical training, we search Grove biographies for a set of
keywords associated with institutional education in music. We select these words based on
words that occur frequently (over five times) in institutional descriptions in IDMMEI. We
exclude words that can also be used to describe informal training settings—such as training
or student—to avoid capturing references to non-institutional or self-directed learning. The
full set of keywords is presented in Table A.1.

Table A.1: Keywords related to formal musical training

Keywords

university college school
department institution program
education schools institute
academy educational campus
campuses courses conservatory
departments faculty research
conservatoire conservatorio colleges
sciences preparatory study
conservatorium graduate conservatoires
theory degree hochschule
classes académies universities
academic faculties musicalâ
ethnomusicology degrees musikhochschulen
institutes instituto seminary
university’s universitã consortium
university’s undergraduate examinations
polytechnic graduates bachelor
école berklee educators
curriculum konservatorium institut
academies conservatories examination
akademia université universityâ
department’s hogeschool istituto
universidad

A.2 Validation

To validate the keyword-based approach for identifying references to formal music training,
we examine whether the frequency of these keywords in biographies tracks the historical
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expansion of institutional music education. Specifically, we compare the share of biographies
that include at least one training-related keyword with the number of conservatories founded,
aggregated by decade.

Figure A.1 displays both time series. The share of biographies referencing formal training
begins to rise in tandem with the founding of conservatories, particularly from the nineteenth
century onward. The correlation between the two series is strong (r = 0.92), suggesting
that the keyword set captures meaningful variation in institutional exposure over time. The
temporal alignment therefore supports the validity of our keyword-based measure.

Figure A.1: Biographies mentioning formal training vs. number of conservatories founded

Notes: The figure shows the share of biographies that mention training-related keywords
alongside the number of conservatories founded, both by decade (until 1980). The cor-
relation between the two series is r = 0.92.
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Appendix B: Measuring the intensity of formal music training
using sentence embeddings

We construct a continuous measure of the emphasis on formal musical training based on
composers’ biographical narratives. The measure relies on the semantic content of the main
description inGrove biographies and is built using sentence-level embeddings and a projection-
based approach.

B.1 Pre-trained sentence embeddings

We use the all-MiniLM-L6-v2 embedding model from the Sentence Transformers library
(Reimers and Gurevych, 2019). This model generates 384-dimensional vector embeddings
that capture the contextual meaning of full sentences. Unlike traditional word embedding
models, Sentence Transformers encode semantic relationships at the sentence level, allowing
the model to distinguish meaning even in the presence of negation or nuanced phrasing.

B.2 Semantic axis construction

To identify the formal training content of a biography, we define a semantic axis correspond-
ing to the continuum from informal or family-based musical training to formal, institutional
training.

We construct this axis by taking the normalized difference between the mean vectors of
two sets of anchor sentences:

• Formal training anchors:

– “He trained at the conservatory and received formal instruction.”

– “She completed advanced studies in harmony at the Royal Academy.”

– “He earned a degree in composition from a prestigious institution.”

• Informal training anchors:

– “He was taught music by his father at home.”

– “She learned music through family tradition and practice.”

– “He picked up piano by ear with no formal instruction.”

We embed each sentence using the SBERT model and compute the mean vector of the
formal and informal anchor sets. Let µformal and µinformal denote the average word vectors for
each group. The semantic axis vector a is computed as:

a =
µformal − µinformal

∥µformal − µinformal∥
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B.3 Embedding-based index construction

Let vd denote the embedded vector of biography b (either the full text or a partial excerpt). We
compute the cosine similarity between vb and the semantic axis a, which yields the biography’s
formality score:

Formality Scored = cos(vd, a) =
vd · a
∥vd∥

Higher values of this score indicate greater emphasis on formal music training in the
narrative.

B.4 Validation

To validate the semantic axis, we compile a set of 25 example sentences describing different
forms of musical instructions, ranging from informal to formal. These include references
to self-instruction, familial instruction, and formal conservatory training. Each sentence is
encoded using the sentence embedding model and projected onto the semantic axis.

Figure A.2 presents the resulting scores. Sentences referencing formalized institutional
education receive high values, while sentences describing informal learning environments re-
ceive low values. The distribution of scores aligns with our expectations and confirms that
the semantic axis effectively captures meaningful variation in the degree of training formality.

Figure A.2: Formality-of-training index: examples
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Figure A.3: Distribution of formality-of-training scores

B.5 Application

The computed formality score is merged back into the composer dataset and used to test
whether formal musical training is differentially emphasized in the Grove biographies of dy-
nastic composers. The distribution of the index is depicted in Figure A.3.

We use the score as the dependent variable in regressions that control for country, time
period, author, and biography length. As shown in Table A.2, formal musical training is
less emphasized in the biographies of dynastic composers relative to non-dynastic composers.
Figure A.4 shows that the gap remains consistent when varying the proportion of biography
text used in the analysis.
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Table A.2: Emphasis on formal training using sentence embeddings

(a) First quarter of biography

Formality-of-training score

(1) (2) (3) (4) (5)

Dynastic −0.057∗∗∗ −0.061∗∗∗ −0.046∗∗∗ −0.049∗∗∗ −0.050∗∗∗

(0.006) (0.003) (0.003) (0.003) (0.003)

Biography length ✓ ✓ ✓ ✓ ✓
Country FE ✓ ✓ ✓
Half-century FE ✓ ✓ ✓
Author FE ✓

Mean dep. var (Q1) 0.002 0.002 0.002 0.002 0.002
Observations 13,785 13,785 13,419 13,419 13,293
Adjusted R2 0.045 0.122 0.069 0.156 0.380

(b) Full biography

Formality-of-training score

(1) (2) (3) (4) (5)

Dynastic −0.042∗∗∗ −0.046∗∗∗ −0.031∗∗∗ −0.034∗∗∗ −0.034∗∗∗

(0.005) (0.003) (0.003) (0.002) (0.004)

Biography length ✓ ✓ ✓ ✓ ✓
Country FE ✓ ✓ ✓
Half-century FE ✓ ✓ ✓
Author FE ✓

Mean dep. var −0.009 −0.009 −0.009 −0.009 −0.009
Observations 13,785 13,785 13,419 13,419 13,293
Adjusted R2 0.019 0.095 0.045 0.134 0.409

Notes: The dependent variable is the formality-of-training score derived from sentence em-
beddings. Standard errors are clustered at the country level. Each specification incrementally
adds fixed effects. Panel (a) restricts the analysis to the first quarter of the biography, where
early-life training is most likely to be mentioned. Panel (b) uses the entire biography text.
Significance levels: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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Figure A.4: Sensitivity of the dynasty coefficient to portion of biography used

Notes: This figure depicts the sensitivity of the dynastic coefficient to inclusion of differ-
ent portions of the biography. The underlying regressions includes country of birth and
half-century of birth fixed effects and the natural logarithm of the length of the main
description. Shaded areas show 90% (darker) and 95% (lighter) confidence intervals.
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Appendix C: Measuring social background using sentence em-
beddings

We construct a continuous index of composers’ social background based on the semantic
content of their Grove biographies. This index is built using the same sentence embedding and
projection-based approach as described in Appendix B for the formality-of-training measure.

C.1 Methodology

We use the pre-trained all-MiniLM-L6-v2 model from the Sentence Transformers library
(Reimers and Gurevych, 2019) to embed biographical text into 384-dimensional vectors. To
define a semantic axis of social background, we curate two sets of anchor sentences: one
representing elite or high-status origins (e.g., “He was born into an aristocratic family with
strong ties to the royal court”) and one representing modest or low-status origins (e.g., “She
was raised in a working-class family with no musical tradition”). We compute the average
embedding for each set and define the axis as the normalized difference between the two.

Each biography is projected onto this axis by computing the cosine similarity between its
embedding and the social background direction. The resulting measure reflects how closely
the language in a composer’s biography aligns with elite or modest social origins. We compute
this score for both the full biography and the early portion of the biography (first 25%).

C.2 Validation

To validate the measure, we score a set of example sentences describing different social back-
grounds and display them in Figure A.5. Sentences referencing aristocratic lineage, elite
education, or family patronage receive high scores, while those referencing poverty, working-
class origins, or self-reliance receive low scores. This confirms that the measure successfully
captures distinctions in social origin based on narrative content.
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Figure A.5: Social background index
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Appendix D: Welfare loss from dynastic underperformance

This appendix outlines the methodology used to estimate the combined welfare loss associated
with dynastic underperformance. We calculate the loss in two parts: (1) a regression-adjusted
baseline that quantifies the average shortfall in prominence among dynastic descendants,
and (2) a stylized estimate of the loss from excluding exceptionally high-ability individuals.
We then combine these components, netting out any overlap, and report results under both
observed and counterfactual descendant shares.

D.1 Regression-adjusted baseline

Let δ denote the share of dynastic descendants in the population and β the estimated log-
point discount in prominence relative to non-dynasts. Assuming that all descendants had
matched the performance of non-dynasts, the counterfactual gain in aggregate prominence is
approximated by:

∆Ybaseline ≈ δ · (1− eβ).

Using the observed descendant share of δ = 0.028, we compute baseline losses of 0.66 percent
for Grove (with β = −0.27) and 0.83 percent for RISM (with β = −0.35).

D.2 Stylized tail-loss estimate (normal distribution assumption)

To capture the loss from displacing especially high-ability individuals, we assume that among
the 456 dynastic descendants in our sample, 11 displaced individuals would have belonged
to the right tail of the ability distribution: ten at two standard deviations above the mean
(2σ) and one at three standard deviations (3σ). These thresholds correspond to the top 2.3
percent and 0.13 percent of a normal distribution, respectively. Under this assumption:

For Grove, the ten 2σ individuals are assigned 3,250 words each, and the 3σ individual
4,900 words, yielding a total tail loss of 37,400 words, or 0.41 percent of the corpus (9.1
million words).

For RISM, the corresponding values are 1,322 sources and 1,908 sources, for a total of
15,128 sources, or 0.59 percent of the archive (2.55 million sources).

D.3 Adjusted baseline and combined loss

To avoid double-counting, we subtract the 11 high-ability replacements from the baseline
estimate, recalculating it using only 445 average non-dynast replacements:

∆Yadjusted baseline = ∆Ybaseline ·
445

456
.

This yields adjusted baseline losses of 0.646 percent for Grove and 0.807 percent for RISM.
Adding the tail-loss estimates gives combined losses of 1.05 percent for Grove and 1.40 percent
for RISM.
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D.4 Scaled Scenario: 15 percent descendant share

If the descendant share were closer to 15 percent, the losses scale proportionally: 5.67 percent
for Grove and 7.50 percent for RISM.

D.5 Pareto distribution of prominence

Our tail-loss estimate assumes a normal distribution of ability and a linear mapping to promi-
nence. However, empirical studies show that prominence is often more skewed. If we instead
assume a Pareto distribution of prominence with shape parameter α = 1.5—a value commonly
observed in empirical studies of citations and creative success (Clauset et al., 2009)—the im-
plied contribution of a top 0.1 percent individual is more than four times that of someone at
the 99th percentile. Under this assumption:

Grove tail loss increases to 0.52 percent, and combined loss to 1.19 percent; under the
15 percent scenario, total loss is 6.38 percent.

RISM tail loss increases to 0.74 percent, and combined loss to 1.64 percent; under the
15 percent scenario, total loss is 8.79 percent.

If prominence follows an even more extreme Zipf-like distribution (α = 1), the tail loss rises
further:

Grove: combined loss of 1.36 percent, or 7.29 percent scaled

RISM: combined loss of 1.85 percent, or 9.91 percent scaled

52



Additional figures

Figure A.6: Family entry in Grove

Notes: This image illustrates the structure of family entries in
Grove.
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Figure A.7: Mentions of formal training in biographies (varying thresholds)

(a) Full sample (b) Matched sample

Notes: This figure shows the estimated effect of dynastic status on references to formal training in Grove Music
Online biographies, using different outcome measures and increasing portions of the text (e.g., first 10 percent,
15 percent, etc.). Panel (a) shows results from the full sample, and panel (b) shows results from a matched
sample where composers are matched on biography length, country, and birth cohort.
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Figure A.8: Sensitivity of the dynastic × conservatory exposure coefficient to different distance
thresholds

(a) Clustered standard errors (b) Conley standard errors

Notes: This figure depicts the sensitivity of the dynastic × conservatory exposure coefficient to different
distance thresholds. Shaded areas show 90% (darker) and 95% (lighter) confidence intervals.
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Additional tables

Table A.3: Dynasty discount using alternative word counts

Works Writings Bibliog.

(1) (2) (3) (4) (5) (6)

Dynastic −0.358∗∗ −0.416∗∗ −0.092∗∗ −0.094∗ −2.798∗∗∗ −3.024∗∗∗

(0.154) (0.166) (0.044) (0.053) (0.170) (0.177)

Country FE ✓ ✓ ✓ ✓ ✓ ✓
Half-century FE ✓ ✓ ✓ ✓ ✓ ✓
Occupation FE ✓ ✓ ✓ ✓ ✓ ✓
Author FE ✓ ✓ ✓

Observations 13,419 13,293 13,419 13,293 13,419 13,293
Adjusted R2 0.094 0.479 0.065 0.271 0.188 0.468

Notes: The dependent variable is the natural logarithm of one plus the number of words in composer i’s works
section (columns 1–2), writings section (columns 3–4), or bibliography section (columns 5–6). Dynastic is a
binary variable equal to one if composer i is part of a dynasty. Standard errors are clustered at the country
level.
Significance levels: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.

Table A.4: Conservatory exposure and longevity

Age at death

(1) (2) (3) (4)

Dynastic −4.873∗∗ −3.331 −2.589 −3.050
(2.044) (2.139) (2.210) (2.061)

Exposure 1.564∗∗∗ 2.144∗∗∗ 0.352 −0.742∗

(0.567) (0.612) (0.294) (0.420)
Dynastic × Exposure 0.596 0.283 1.393 1.938

(1.794) (1.757) (2.066) (1.882)

Country FE ✓ ✓
Half-century FE ✓ ✓

Observations 10276 10269 10276 10269
Adjusted R2 0.006 0.032 0.113 0.118

Notes: Conley standard errors are reported throughout.
Significance levels: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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Table A.5: Conservatory exposure and social background

(a) First quarter

Social status index

(1) (2) (3) (4)

Dynastic 0.062∗∗∗ 0.053∗∗∗ 0.043∗∗∗ 0.048∗∗∗

(0.005) (0.006) (0.003) (0.004)
Exposure −0.011∗∗ −0.009∗∗∗ −0.002 0.001

(0.005) (0.002) (0.005) (0.002)
Dynastic × Exposure −0.000 −0.004 −0.005 −0.009∗∗

(0.006) (0.006) (0.005) (0.004)

Country FE ✓ ✓
Half-century FE ✓ ✓

Observations 13,428 13,419 13,428 13,419
Adjusted R2 0.042 0.330 0.208 0.375

(b) Full biography

Social status index

(1) (2) (3) (4)

Dynastic 0.047∗∗∗ 0.042∗∗∗ 0.030∗∗∗ 0.038∗∗∗

(0.008) (0.008) (0.006) (0.007)
Exposure −0.009 −0.005∗∗ −0.002 0.003∗

(0.009) (0.002) (0.007) (0.002)
Dynastic × Exposure −0.002 −0.009 −0.007 −0.012

(0.011) (0.010) (0.009) (0.009)

Country FE ✓ ✓
Half-century FE ✓ ✓

Observations 13,419 13,419 13,419 13,419
Adjusted R2 0.024 0.326 0.163 0.359

Notes: Conley standard errors are reported throughout. The dependent vari-
able (social status index) is derived from sentence embeddings of Grove bi-
ographies using a Sentence-BERT model implemented via the Sentence Trans-
formers library. Higher values on the index reflect more elite social status.
The construction of the social status index is described in greater detail in
Appendix C.
Significance levels: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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Table A.6: Exposed too late and dynastic prominence

log(word count) log(num. sources + 1)

(1) (2) (3) (4) (5) (6)

Dynastic −0.065∗∗ −0.065∗ −0.134∗∗∗ −0.202∗∗ −0.188∗ −0.350∗

(0.033) (0.034) (0.035) (0.101) (0.103) (0.198)
Exposed too late 0.032∗ 0.031∗ 0.014 0.101∗∗ 0.095∗ −0.031

(0.019) (0.018) (0.022) (0.050) (0.052) (0.107)
Dynastic × Exposed too late −0.171∗ −0.177∗ −0.156∗∗ −0.366∗∗ −0.332∗ −0.169

(0.098) (0.092) (0.077) (0.170) (0.177) (0.433)

Country FE ✓ ✓ ✓ ✓ ✓ ✓
Half-century FE ✓ ✓ ✓ ✓ ✓ ✓
Occupation FE ✓ ✓
Author FE ✓ ✓

Observations 13,419 13,419 13,293 5,116 5,116 5,062
Adjusted R2 0.046 0.048 0.454 0.267 0.270 0.411

Notes: This table reports the results of a falsification test examining whether dynastic composers benefit from
the later arrival of conservatories. The variable Exposed too late is equal to one if a conservatory was established
within 100 km of the composer’s birthplace, but only after the composer turned 30. Conley standard errors
are reported throughout.
Significance levels: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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Table A.7: Exposure to formal training and the dynasty discount

(a) Grove

log(word count)

(1) (2) (3) (4)

Dynastic −0.159∗∗∗ −0.183∗∗∗ −0.188∗∗∗ −0.194∗∗∗

(0.051) (0.050) (0.046) (0.047)
Training share −0.056∗∗∗ −0.050∗∗∗ −0.044∗∗∗ −0.042∗∗∗

(0.006) (0.006) (0.004) (0.003)
Dynastic × Training share 0.188∗∗∗ 0.187∗∗∗ 0.192∗∗∗ 0.190∗∗∗

(0.034) (0.034) (0.035) (0.036)

Country FE ✓ ✓
Half-century FE ✓ ✓

Observations 13,794 13,785 13,428 13,419
Adjusted R2 0.023 0.036 0.043 0.056

(b) RISM

log(num. sources + 1)

(1) (2) (3) (4)

Dynastic −0.012 −0.101 −0.318∗∗∗ −0.363∗∗∗

(0.128) (0.090) (0.097) (0.082)
Training share −0.272∗∗∗ −0.263∗∗∗ 0.004 −0.034∗

(0.028) (0.029) (0.026) (0.020)
Dynastic × Training share 0.285∗∗∗ 0.300∗∗∗ 0.183∗∗∗ 0.213∗∗∗

(0.058) (0.053) (0.047) (0.047)

Country FE ✓ ✓
Half-century FE ✓ ✓

Observations 5,122 5,116 5,122 5,116
Adjusted R2 0.036 0.126 0.205 0.267

Notes: Both panels use the fraction of training-related keywords in the first quarter of the
biography as a proxy for exposure to formal musical training. Conley standard errors are
reported throughout.
Significance levels: ∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.1.
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