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APPENDIX A: Data Collection Procedures 

 

The sections that follow provide more detailed descriptions of the data collection 

procedures than the higher-level summary in the main paper. To build the dataset, I collaborated 

with a research assistant who was highly skilled in software engineering (to reflect this, from 

hereafter I use “we” instead of “I” in describing our data collection effort). Our approach 

involved four main steps, which are each described below. We developed our approach using 

artists with at least one hit (Steps 1-3 below), and then applied the same basic approach to non-

hit artists (Step 4 below). 

 

Step 1: Identifying Hit Artists 

Our first step was creating a list of artists who had at least one hit song in their career. To 

do so, we obtained data on the complete history of Billboard’s Hot 100 charts from a 

crowdsourced effort known as “The Whitburn Project.” This initiative started with Joel Whitburn 

publishing books that chronicled the Hot 100 charts over time (e.g., Whitburn, 1990), and 

ultimately a small group of enthusiasts gathered the chart data in digital form. Other scholars 

have utilized data from this initiative to analyze the success of hit songs (Askin & Mauskapf, 

2017). We draw on their work in analyzing the success of artists over time. 

Billboard launched the Hot 100 chart in 1958, and it has remained the industry standard 

for classifying whether songs are hits (Anand & Peterson, 2000). The Hot 100 chart is published 

weekly and lists the 100 most successful songs at the time, ranked 1-100 (most to least 

successful). More successful songs rise to a higher rank and stay on the charts for longer 

(Bradlow & Fader, 2001), but appearing on the chart is the key criterion for whether a song is 

deemed a hit. Rankings have always been based on a combination of sales and radio airplay, plus 

additional criteria that have evolved over time to reflect changes in how music is consumed (e.g., 

formerly Jukebox play, then digital downloads and streaming). Based on the Hot 100 data, we 

decided to end our dataset in 2010 primarily because songs from television shows such as Glee 

and The Voice began to regularly appear in the charts with remakes (“covers”) of prior hits. This 

phenomenon was a substantial departure from the rest of the Hot 100’s history. 

To select artists to include in our dataset, we started by identifying all artists with at least 

one hit song from 1958 through 2010, which included 6,771 artists. We then applied four 

exclusion criteria to this list of artists, which helped ensure the dataset was appropriate for testing 

the hypotheses. First, the artist had to be a primary artist on at least one hit—we excluded artists 

with only cameo/secondary roles (n = 257). Second, to ensure the dataset and measures captured 

artists’ careers from inception, artists who released any song before 1959 were excluded (n = 

780). The cutoff of 1959 was selected because the measure of novelty (described in the Measures 

section) is based on hit songs from the year before a given song was released. Because the Hot 

100 began in 1958, 1959 was the earliest possible year for which novelty could be calculated. 

Omitting artists with songs released prior to 1959 ensured that the first year each artist had a hit 

song (if any) could be identified, which was critical to testing the hypotheses. For example, if an 

artist released songs in 1957, one or more of them might have qualified as Hot 100 hits if the 

chart existed then. This form of left-censoring was avoided by including only artists whose 

careers started in 1959 or later. 

Third, we set 2005 as the cutoff for when artists needed to have their first hit, excluding 

artists who had their first hit in 2006-2010 (n = 375). This ensured that all artists in the dataset 

had at least five years after their first hit to potentially gain additional hits (over 94% of artists 
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who achieved any additional hits had at least one hit within five years of their initial success, 

regardless of where the cutoff was 1990-2005). Fourth, artists were omitted if they did not have 

any songs in Spotify through their first hit year, as data from Spotify was required for the 

independent variables (n = 502).1 After applying these exclusion criteria, 4,857 hit artists 

qualified for the dataset. From 1959-2010, these artists had a combined 19,046 hit songs. 

 

Step 2: Compiling Song Data for Hit Artists 

Our next step was assembling data on all songs released from 1959 through 2010 by the 

4,857 artists identified in Step 1. Our general strategy was to cast a wide net at the start to make 

sure we captured all songs by the artists, and then filter out redundant and incorrect songs. In all 

four sources, the databases were organized such that artists each had a unique identification code, 

and artists’ songs were all linked to their unique identifier. We collected these identifiers for each 

artist from each of the four sources, using the Hot 100 data to verify that we had the correct 

artist. A unique identifier was found in all four sources for 93% of the artists, and 99% of artists 

were represented in at least three sources (100% were in Discogs, 100% in Spotify, 98% in 

MusicBrainz, and 94% in iTunes). 

Using the artist identifiers, we gathered data on all songs released by each artist in each 

of the four sources. This included data on 7.6 million songs from Discogs, 2.8 million songs 

from MusicBrainz, 1.1 million songs from Spotify, and 597,386 songs from iTunes. The same 

song often appeared multiple times within each of the four sources, as songs may be entered 

under slightly different titles or released multiple times on different albums/compilations or to 

different geographic territories. For example, the song “Billie Jean” by Michael Jackson 

appeared in Discogs over 700 times. 

To determine whether song titles were duplicates, we used edit distance, also known as 

Levenshtein distance, which is a commonly used technique in approximate text matching 

(Navarro, 2001). Edit distance is “the minimal number of insertions, deletions and substitutions 

to make two strings equal” (Navarro, 2001: 37). The edit distance between “Billie Jean” and 

“Billy Jean” is two, because two moves would make the titles the same: substituting “y” for “i”, 

and then adding “e”. For each pair of song titles by the same artist(s), a matching score was 

calculated as the edit distance between the two titles divided by the number of characters in the 

shorter of the two titles. We used .2, meaning an 80% match, as the cutoff for whether two song 

titles were duplicates. We arrived at this cutoff after systematically experimenting with various 

cutoffs, ranging from 70-90%. We found that an 80% cutoff helped cluster many duplicates, but 

erred on the side of not clustering some duplicates, which was preferable to incorrectly clustering 

what were actually different songs at this early stage of the process. In all four sources, song 

titles were often appended with additional text in parentheses, in brackets, or after a dash. Our 

text matching procedures ignored this additional text such that “Billie Jean (Radio Edit)” and 

“Billie Jean – Remastered” would both be treated as just “Billie Jean”. Our procedures also 

standardized song titles by making all letters lowercase, removing punctuation marks, and 

converting all special characters to the same format. 

We first clustered duplicates within each of the four data sources, and then merged 

duplicate clusters between the four sources. To cluster duplicates within each source, we applied 

the 80% matching cutoff to all song titles by the same artist within each source. Song titles 

                                                 
1 Of the 502 artists omitted due to lack of Spotify data, 96% had one or two hits overall (85% had one hit). Artists 

with one or two hits were well represented in the dataset (61% had one or two hits, 44% had one hit). Thus, the 

impact of omitting these artists was presumably minimal. 
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identified as duplicates were collapsed into one cluster. This produced 571,954 clusters in 

Discogs, 420,879 clusters in MusicBrainz, 343,135 clusters in Spotify, and 308,148 clusters in 

iTunes. A representative song title was assigned to each cluster by selecting the shortest title 

among the songs with the earliest release year in the cluster. This representative title was then 

used in merging clusters across the four data sources. The same 80% cutoff was used to 

determine whether a cluster from one source should be merged with a cluster from another 

source. Merging the four sources in this way yielded a dataset with 741,761 rows, each row 

representing an artist-song pair to possibly include in the final dataset (this comprised 693,328 

unique songs, as some songs were by multiple artists). This was a tentative dataset because it still 

included many redundant song titles.2 

 

Step 3: Finalizing Dataset for Hit Artists 

To finalize the dataset of hit artists, we devised a set of selection criteria to remove 

redundant and incorrect songs from the tentative dataset. Our approach focused on matching 

across the four data sources, leveraging the notion that if the same song title for a given artist 

was found in multiple independent sources, this was a strong signal of quality. Among the 

741,761 artist-song pairs in the tentative dataset, 28% matched across all four sources, 12% 

matched across three sources, 20% matched across two sources, and 40% did not match another 

source. Song titles that matched across three or four sources were almost always actual songs 

that belonged in the final dataset. In contrast, most of the song titles without a match (and some 

of the two-way matches) did not belong in the final dataset, usually because they were incorrect 

or idiosyncratic titles for songs that were in the dataset under better titles that matched across 

more sources. 

However, the usefulness of matching across the four sources depended on how many 

songs artists had from each source. Matching was a more useful signal of quality for artists with 

more songs because their data had more redundancy—they had more incorrect songs to remove, 

but their correct songs were also more likely to match across sources. Matching was less 

meaningful for artists with fewer songs because they had little redundancy—their correct songs 

were less likely to match across sources, but they also had fewer incorrect songs to remove. 

Thus, we based the selection criteria on the number of songs that artists had from each source in 

the tentative dataset. In particular, we divided artists into three categories: major (n = 1,798), 

medium (n = 2,311), and minor (n = 748). We devised these categories through systematically 

experimenting with many different thresholds and manually assessing the results in terms of 

comprehensiveness and accuracy. Major artists had 50 or more songs in all four sources, and 

their songs had to match across at least three sources to be included in the final dataset. Medium 

artists had ten or more songs in at least three sources, and their songs had to match across at least 

two sources to be included in the final dataset. All others were minor artists, who had relatively 

                                                 
2 Because the independent variables required data from Spotify, we took additional steps to ensure we did not miss 

songs in Spotify due to occasional discrepancies in artist identifiers between sources. For example, Discogs may 

attribute a song to “Donny & Marie Osmond” as a group, whereas Spotify may attribute the same song to the two 

individuals. To address cases like this for hit artists, we searched for a match in Spotify’s database for all songs in 

the tentative dataset that did not already have a Spotify match, which yielded matches for 6.99% of the 741,761 

artist-song pairs. For non-hit artists, this issue manifested in a different way: the same artist occasionally had 

multiple identifiers in Spotify that were each linked to non-redundant songs (hit artists very rarely had more than 

one primary identifier). Thus, we allowed up to three identifiers per non-hit artist, but each identifier was assigned to 

only one artist (6.69% of non-hit artists had two Spotify identifiers, and under 1% had three identifiers). 



Online Appendix 7 

few songs (and few redundancies), and thus their songs did not require a match to be included in 

the final dataset. Instead, minor artists were vetted manually.  

After implementing the selection criteria, the dataset included 351,493 songs and 356,826 

artist-song pairs. Of the artist-song pairs removed by the selection criteria, 74% lacked any 

match and the other 26% were two-way matches from major artists. In both cases, the songs 

removed were almost always incorrect or redundant with a better-matching title in the final 

dataset. Among the 356,826 artist-song pairs in the final dataset, 97% matched across two or 

more sources (59% across all four, 24% across three, 14% across two, and 3% with no match). 

Having multiple sources per song helped identify when songs were first released, as the earliest 

release year across the sources could be used. 

To help assess our approach using independent sources, we gathered lists of songs for 20 

artists from their official websites (e.g., BobDylan.com), fan sites, or magazine articles. All 20 

were major artists, as complete song lists from reliable sources were rare even for famous artists. 

The overlap between our dataset and the independent lists ranged from 93% to 99% across the 20 

artists. Any discrepancies tended to be negligible matters of opinion, such as whether to include 

cover songs that were performed live but never widely released. 

 

Step 4: Repeating Steps 1-3 for Non-Hit Artists 

Lastly, we repeated our approach to collect data on artists without any hits, which added 

64,193 artists to the dataset. These artists were selected because they released one or more songs 

on a label that had at least one hit from 1958 through 2010. This provided a meaningful 

comparison group to the hit artists, as all the non-hit artists were signed by labels with the 

resources to produce a hit song/artist. Of the four data sources, Discogs had the most 

comprehensive data overall, including data on labels, and thus we started with Discogs in 

assembling the list of non-hit artists to include. From 1958-2010, a total of 24,773 songs 

appeared in the Hot 100, and Discogs had data on the label(s) for 99.25% of these hits (24,546). 

These hit songs were produced by a total of 2,358 different labels.  

To be consistent with the hit artists, we targeted only non-hit artists whose careers began 

between 1959 and 2005 (because hit artists were only included if they had a hit by 2005, their 

career had to begin by 2005). This way, all non-hit artists began their careers in the same span as 

the hit artists, and non-hit artists had at least six years to generate a hit (2005-2010 for artists 

whose career began in 2005). Within these time parameters, we gathered all artist identifiers 

from Discogs that had one or more releases on the 2,358 hit labels, and for which a unique 

identifier could also be found in Spotify, as the independent variables required data from Spotify. 

Because multiple artists can have the same name, we verified that artists matched between 

Discogs and Spotify by comparing the titles of their three most frequent songs in Discogs (two or 

one songs were used when artists had under three songs total). This matching process yielded a 

total of 64,193 non-hit artists who were in both Discogs and Spotify. A unique identifier was 

found for 85% of these artists in MusicBrainz and 89% in iTunes (78% had a unique identifier in 

all four sources, and 97% in at least three sources). 

Next, we followed the same procedures used with the hit artists to build the dataset of 

non-hit artists’ songs. We gathered data on all songs by the non-hit artists from the four sources, 

which included 18.9 million songs from Discogs, 8.6 million songs from Spotify, 5.4 million 

songs from MusicBrainz, and 4.4 million songs from iTunes. We first clustered duplicates within 

each of the four sources, and then merged duplicate clusters between the four sources, using the 

same 80% matching cutoff applied to the hit artists. Clustering within each source produced 4.7 
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million clusters in Discogs, 4.2 million clusters in Spotify, 2.2 million clusters in MusicBrainz, 

and 3.1 million clusters in iTunes. After merging clusters between the four sources, the tentative 

dataset included 7.6 million artist-song pairs. Among these, 12% matched across all four sources, 

13% across three sources, 23% across two sources, and 52% did not match another source.  

To remove remaining duplicates and incorrect song titles, we used the same three 

threshold groups applied to the hit artists: major (n = 9,087), medium (n = 30,558), and minor (n 

= 24,548). After implementing the selection criteria for the three groups, the non-hit artist dataset 

included 2,834,875 artist-song pairs (2,746,233 unique songs). Among these, 29% matched 

across all four sources, 29% across three sources, 28% across two sources, and 13% did not 

match another source. The finalized dataset, with both the hit and non-hit artists compiled 

together, included 3,191,701 artist-song pairs (3,092,927 unique songs) by 69,050 artists. 
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APPENDIX B: Additional Content Regarding the Measures 

 

Figure B1. Visual Summary of Independent Variable Measures Using an Archetypal Example of a Hit Artist. 

 

Calendar Year 1975 1976 1977 1978 1979 1980 1981 1982 

Hits by Other Artists 

(Prototypes for Novelty 

Measure) 

584 

Hits 

555 

Hits 

512 

Hits 

508 

Hits 

534 

Hits 

501 

Hits 

467 

Hits 

490 

Hits 

 

 

 

 

  

 

  

 

 

Songs Released in Year 

by Example Artist 

 

 

0 

Songs 

 

 

6 

Songs 

 

 

0 

Songs 

 

 

13 

Songs 

 

 

11 

Songs 

(1st Hit) 

 

 

0 

Songs 

 

 

8 

Songs 

 

 

12 

Songs 

Total Songs in Portfolio n/a 6 Songs n/a 19 Songs 30 Songs n/a 38 Songs 50 Songs 

Song Pairs Used in 

Variety Measure 
n/a 

15 

Pairs 
n/a 

171 

Pairs 

435 

Pairs 
n/a 

703 

Pairs 

1,225 

Pairs 

Career Year n/a 1 2 3 4 5 6 7 

 

 

 

 

 

 

 

 

Novelty: Dissimilarity between 

each song and hits from prior year. 

Pre-Novelty: Mean novelty of the 30 

songs in portfolio upon 1st hit. 

Pre-Variety: Variation among the 30 

songs (435 pairs) in portfolio upon 1st hit. 

Relatedness: Similarity between each new 

song and the 30 songs in portfolio upon 1st hit. 
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Table B1. Illustrating the (Pre-)Novelty and (Pre-)Variety Measures: The Debut Albums of La Toya and Janet Jackson. 

 

Both albums in the table below were the artist’s solo debut. Each artist released only the self-titled album below in her first 

career year. Thus, the row for the eighth/final song on the album contains the artist’s novelty and variety scores for her first career 

year. Following her debut album in 1980, La Toya Jackson released two more albums before her first and only hit in 1984. Janet 

Jackson had two hits on her debut album in 1982 (“Young Love” and “Come Give Your Love To Me”). Thus, the eighth/final song on 

Janet’s album below contains her pre-novelty and pre-variety scores. Following her initial two hits, Janet garnered 35 more hits 

through 2010 (the final year of the dataset). 

 

 Novelty 
 

Variety 
 

Song Title (album title in bold) 

Cumulative 

Novelty 

Mean 

Z-Score  

(For Hit Artist 

Pre-Success a) 

 
Cumulative 

Number of 

Song Pairs 

Cumulative 

Cosine 

Similarity 

Mean 

Cumulative 

Cosine 

Similarity SD 

Coefficient 

of Variation 

(SD / Mean) 

Z-Score  

(For Hit Artist 

Pre-Success a) 

 

La Toya Jackson (1980): 
         

1. If You Feel The Funk .103 -0.22  n/a n/a n/a n/a n/a  

2. Save Your Love .093 -0.56  n/a n/a n/a n/a n/a  

3. My Love Has Passed You By .090 -0.63  3 .904 .073 .081 -0.79  

4. Are You Ready .094 -0.53  6 .906 .062 .069 -0.93  

5. Night Time Lover .095 -0.48  10 .821 .122 .149 -0.01  

6. A Taste Of You (Is A Taste Of Love) .098 -0.40  15 .771 .124 .161 0.13  

7. Lovely Is She .097 -0.43  21 .728 .134 .184 0.40  

8. If I Ain't Got It .095 -0.48  28 .727 .124 .171 0.24  

          

Janet Jackson (1982):          

1. Say You Do .123 0.42  n/a n/a n/a n/a n/a  

2. You'll Never Find (A Love Like Mine) .120 0.33  n/a n/a n/a n/a n/a  

3. Young Love .114 0.12  3 .764 .115 .151 0.01  

4. Love And My Best Friend .127 0.54  6 .527 .282 .536 4.44  

5. Don't Mess Up This Good Thing .121 0.34  10 .572 .239 .417 3.07  

6. Forever Yours .119 0.28  15 .590 .216 .367 2.49  

7. The Magic Is Working .115 0.17  21 .635 .220 .347 2.27  

8. Come Give Your Love To Me .114 0.12  28 .648 .202 .311 1.85  

          
a Z-Scores are based on the mean and SD for all hit artists’ portfolios before/during initial success. 
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Similarity Among Hit Songs from the Same Year (Novelty Measure) 

As described in the main paper, novelty was calculated by comparing a song to the hits 

from the year before the song was released. Figures B2 and B3 on the following page provide a 

sense for the distribution of hits to which songs were compared. Specifically, the figures display 

the degree of similarity among hits from the same year. Each circle is a hit song, and each 

column of circles is a year (1958-2010). Each year had an average of 531.60 hits (SD = 120.18). 

The size of each circle corresponds to the weight placed on the hit in calculating novelty—see 

the main paper for details on the weighting scheme. For each hit, I first calculated the average 

cosine similarity between the hit and all other hits from the same year. Figure B2 displays these 

unstandardized averages, and Figure B3 displays standardized values for these averages (Z-

scores). The similarity among hits stayed fairly consistent over time. The correlation between 

year and average similarity was not significant (r = .07, p = .63), and the range was relatively 

narrow: .67 to .71 (M = .68, SD = .01). 

As the two figures show, the vast majority of hits were clustered relatively close to the 

mean. This suggests that most hits from the same year were relatively similar to one another. 

However, each year usually had a long tail of hits that were quite different from the other 

concurrent hits (more than two standard deviations below the mean in similarity). This suggests 

that there was a consistent stream of novel songs becoming hits, but the majority of hits were 

relatively typical. 

It is noteworthy that even among the hits relatively close to the mean, there was plenty of 

variance, as hits were distributed fairly equally in between 1.5 standard deviations above and 

below the mean. Thus, the market usually had a range of different hits that were successful at the 

same time, although this range tended to be narrower than the full range of songs released in a 

year. The fact that there was a range of different prototypes that were popular at the same time 

means that songs could be typical (vs. novel) in multiple ways, which would be expected in a 

large and mature market like the music industry. 
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Figure B2. Similarity Among Hit Songs from the Same Year (Unstandardized). 

 
 

Figure B3. Similarity Among Hit Songs from the Same Year (Standardized).
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Using Nielsen SoundScan Data to Explore Practical Value of Hit Songs (Success Measure) 

To provide a rough sense of the practical significance of hit songs in terms of market 

success, sales data were obtained from Nielsen SoundScan, which has provided the raw data 

underlying the Hot 100 since 1991 (Anand & Peterson, 2000). The sales data available in 

Nielsen’s archive spanned from 1994-2004. These data were used to conduct analyses on two 

relationships: 1.) songs’ peak rank in the Hot 100 and single sales, and 2.) artists’ overall hit 

count and total sales. These analyses produced the estimates in Figures 3 and 4 in the main 

paper. 

Songs’ Peak Rank in the Hot 100 and Single Sales. To provide a sense for the 

differences in market success between the three hit levels (top 100, 40, and 10), I collected the 

total number of singles sold through 2004 for each hit song to enter the Hot 100 from 1994-2002 

(the Hot 100 uses singles—album charts are separate). This ensured the sales life cycle of songs 

was mostly complete, as the vast majority of sales occurred within two years of songs entering 

the Hot 100. Data were available for 78% (2,282 / 2,898) of the hit songs to enter the Hot 100 

from 1994-2002. To shed light on the relationship between hit songs’ peak rank and sales, 

negative binomial regression was used, as the dependent variable was highly dispersed count 

data (Gardner, Mulvery, & Shaw, 1995). The model had peak rank (reverse scored) predicting 

sales, controlling for each Hot 100 entry year (see Table B2). The coefficient for peak rank was 

significant, b = .02, SE = .00, z = 30.46, p < .001. The results showed an exponential relationship 

between peak rank and single sales (see Figure 3 in the main paper). To help interpret this 

relationship, the average peak rank was calculated for each of the three hit levels. On average, 

top-100 hits peaked at 70.51 (SD = 17.20), top-40 hits peaked at 24.87 (SD = 8.74), and top-10 

hits peaked at 4.63 (SD = 3.02). Using these averages to calculate estimated marginal means, 

top-100 hits averaged 88,317 units sold (SE = 3,219), top-40 hits averaged 269,555 units sold 

(SE = 8,460), and top-10 hits averaged 443,084 units sold (SE = 18,215). Thus, in terms of sales 

as singles, top-40 hits were worth roughly three times top-100 hits, and top-10 hits were worth 

roughly five times top-100 hits. 

 

Table B2. Negative Binomial Regression Model of Peak Rank Predicting Single Sales. 

 

Variable b SE 

Peak Rank (reverse-scored) 0.02*** (.00) 

Hot 100 Entry Year (1994 omitted):   

    1995 0.09 (.10) 

    1996 0.25* (.11) 

    1997 0.21* (.10) 

    1998 -0.01 (.10) 

    1999 -0.12 (.11) 

    2000 -0.49*** (.11) 

    2001 -1.01*** (.12) 

    2002 -2.29*** (.11) 

Intercept 10.76*** (.09) 

Notes: * p < .05, ** p < .01, *** p < .001 
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Artists’ Overall Hit Count and Total Sales. To provide a sense for how valuable hits 

may be in terms of artists’ overall success, I also collected artists’ total sales for all three items 

that Nielsen tracked: singles, albums, and videos. Although the Hot 100 is based on sales of 

songs as singles (and other factors such as radio play), hit songs have long been important 

drivers of album sales, and also video sales during the focal period (1994-2004). I collected total 

sales from 1994-2004 for artists who had their first hits 1994-2002 (and whose careers began in 

this span). Data were available for 97% of the targeted artists (657 / 679). Negative binomial 

regression was used to calculate estimates of how artists’ hit counts correlated with total sales, 

with artists’ top-100 hit count predicting total sales, controlling for each initial hit year (1994-

2002)—see Table B3. The coefficient for hit count was significant, b = .37, SE = .02, z = 16.73, 

p < .001. See Figure 4 in the main paper for estimated marginal means from this model. 

 

Table B3. Negative Binomial Regression Model of Artists’ Overall Hit Count Predicting Total 

Sales. 

 

Variable b SE 

Artist Overall Hit Count 0.37*** (.02) 

Artist 1st Hit Year (1994 omitted):   

    1995 0.32 (.25) 

    1996 0.51* (.24) 

    1997 0.63** (.24) 

    1998 0.28 (.23) 

    1999 1.00*** (.25) 

    2000 0.71** (.25) 

    2001 1.27*** (.25) 

    2002 1.15*** (.25) 

Intercept 12.51*** (.22) 

Notes: * p < .05, ** p < .01, *** p < .001 
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APPENDIX C: Supplementary Analyses 

 

A number of models were run to test the mediating role of market adaptation, serve as 

robustness checks, shed light on the practical significance of the hypotheses, and/or address 

alternative explanations. Below is a description of these supplementary analyses organized by 

the conceptual or empirical issue they are intended to address. Some of these supplementary 

analyses are summarized in the main paper. 

 

Market Adaptation Mediation Analyses (H2-H5) 

The theorizing for H2-H5 suggests that a key driver of sustained success is adapting to 

changes in the market (along with relatedness), particularly being able to incorporate new trends 

once they emerge. To test whether market adaptation can help explain the results in this way, I 

conducted mediation analyses regarding H2-H5 (Hayes, 2013). Based on H2 and H3, artists 

higher in pre-novelty or pre-variety should be more likely to generate songs that are higher in 

adaptation (holding relatedness constant), increasing their likelihood of sustained success. Based 

on H4 and H5, artists higher in pre-novelty or pre-variety should be more likely to generate 

songs that are higher in both relatedness and adaptation (as opposed to a tradeoff between 

relatedness and adaptation), increasing their likelihood of sustained success. Although H4 was 

not supported in the main results, indirect effects were still possible.  

The models in Table C1 were used for the mediation analyses. To measure market 

adaptation as the mediator, I used the typicality (novelty reverse scored) of artists’ songs after 

their initial success, controlling for the main effect of relatedness. Because typicality was based 

on how similar songs were to recent hits, the typicality of artists’ songs after their initial success 

reflected the extent to which they kept up with changes in the market. Models 1 and 2 have song 

typicality as the dependent variable. By controlling for the main effect of relatedness at the song 

level, the results should reflect how much artists incorporated new trends that emerged after their 

initial success, as relatedness captures how similar each new song is to their pre-success 

portfolio. Also, any trends that may be due to artists’ initial hits influencing the market should be 

largely controlled out by relatedness. Consistent with H2 and H3, pre-novelty and pre-variety 

were both significant positive predictors of typicality (Model 1). Inconsistent with H4, the 

interaction between relatedness and pre-novelty was significant and negative (Model 2), but the 

effect was relatively small and cancelled out by the positive direct effects (Models 4-6), meaning 

the net total effects were not statistically or practically significant. Consistent with H5, the 

interaction between relatedness and pre-variety was significant and positive (Model 2). Models 

3-6 show that song typicality was a significant positive predictor of all three hit levels.3  

To construct 95% confidence intervals for the indirect effects, I used the Monte Carlo 

procedures recommended for multilevel mediation (Bauer, Preacher, & Gil, 2006; Preacher & 

Selig, 2012). For pre-novelty (H2), the indirect effect was significant for hits in the top 100 [.01, 

.005], top 40 [.01, .005], and top 10 [.01, .006]. For pre-variety (H3), the indirect effect was also 

significant for hits in the top 100 [.05, 06], top 40 [.04, 06], and top 10 [.05, 07]. Regarding H5, 

the index of moderated mediation (Hayes, 2015) was significant at all three hit levels: [.06, .07], 

[.05, .07], [.06, .09]. Thus, adaptation mediated pre-variety strengthening the benefit of 

                                                 
3 Because past research suggests that hit songs perform better on the charts when they are moderately typical (Askin 

& Mauskapf, 2017), I tested whether typicality had a curvilinear relationship with hit likelihood. Results were 

slightly weaker at higher levels of typicality, but the relationship was largely linear, not curvilinear. Thus, a balance 

of novelty and typicality may help hits become mega-hits, but to become a hit at all, more typicality was better. 
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relatedness. In sum, these results suggest that artists higher in pre-novelty (H2) or pre-variety 

(H3 and H5) were more likely to adapt to market changes following their initial success, and that 

this may have contributed to their advantage in sustaining success. However, the mediation 

results were stronger for pre-variety than pre-novelty, suggesting that adaptation may have 

played a larger role in the advantage of pre-variety than pre-novelty. 

 

Sustained and Overall Hit Count (Sustained Success; H1-H5) 

Whereas the logistic regression models in the main paper speak to artists’ hit rate 

(likelihood of a hit per song released), the models in Tables C2-C4 speak to artists’ hit count 

(quantity of hits). The models in Table C2 have sustained hit count as the dependent variable 

(quantity of hits after first hit year). These models are intended to parallel the hit-rate models in 

the main paper. For all three hit levels (top 100, 40, and 40), likelihood ratio tests indicated that 

artists’ hit counts were over-dispersed (p’s < .001). Thus, negative binomial regression was used, 

which is well suited to dependent variables that are over-dispersed count data (Gardner, Mulvey, 

& Shaw, 1995). However, as a robustness check, all hypotheses on sustained success were also 

tested in Table C3 using linear models with logged hit counts. Lastly, the models in Table C4 

have artists’ overall hit count as the dependent variable (initial and sustained hit count summed 

together). These models are intended to shed light on the practical significance of the hypotheses 

for artists’ careers overall. 

In all the hit-count models, the independent variables and controls are at the artist level. 

All models include a random intercept for label, which was based on the highest-ranking label 

for each artist (see Measures section of the main paper for label ranking criteria). The results for 

hit count from these models were largely consistent with the corresponding results for hit rate in 

the main paper. Thus, better hit rates translated into better hit counts. These hit-count results add 

robustness to the results in the main paper and are also more easily interpreted in terms of 

practical significance. 

Sustained Hit Count (H1-H5). The six models in Table C2 parallel the hit-rate models 

from the main paper, and the results are generally consistent: all hypotheses were supported at all 

three hit levels (top 100, 40, and 10), except H4, which was not supported at any hit level. To 

interpret the practical significance of the results, estimated marginal means were calculated at 

one standard deviation above (high) and below (low) the mean in relatedness (H1), pre-novelty 

(H2), and pre-variety (H3) using Models 4-6 in Table C2. Compared to artists low in relatedness, 

artists high in relatedness could expect 53% more top-100 hits (3.51 vs. 2.29), 87% more top-40 

hits (2.08 vs. 1.11), and 76% more top-10 hits (.79 vs. .45). Compared to artists low in pre-

novelty, artists high in pre-novelty could expect 21% more top-100 hits (2.93 vs. 2.42), 29% 

more top-40 hits (1.57 vs. 1.22), and 21% more top-10 hits (.58 vs. .48). Compared to artists low 

in pre-variety, artists high in pre-variety could expect 58% more top-100 hits (3.34 vs. 2.12), 

85% more top-40 hits (1.87 vs. 1.01), and 114% more top-10 hits (.75 vs. .35). 

The significant interactions supporting H5 followed the same pattern as the equivalent 

interactions in the hit-rate models reported in the main paper. The simple slopes were positive 

and significant when pre-variety was high for all three hit levels: top 100 [b = .27, SE = .04, p < 

.001], top 40 [b = .37, SE = .07, p < .001], and top 10 [b = .35, SE = .08, p < .001]. When pre-

variety was low, the simple slopes were lower than when pre-variety was high, but still positive 

and significant for hits in the top 100 [b = .11, SE = .04, p = .005], and top 40 [b = .18, SE = .06, 

p = .002], but not significant for top 10 hits [b = .09, SE = .08, p = .23]. Compared to artists who 

scored high in relatedness but low in pre-variety, artists who scored high in both relatedness and 
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pre-variety could expect 84% more top-100 hits (4.40 vs. 2.39), 123% more top-40 hits (2.74 vs. 

1.23), and 187% more top-10 hits (1.09 vs. 0.38). 

Comparing the best-case scenario (high in relatedness, pre-novelty, and pre-variety) to 

the worst-case scenario (low in these three dimensions), best-case artists could expect 178% 

more top-100 hits (4.76 vs. 1.71), 311% more top-40 hits (3.08 vs. .75), and 315% more top-10 

hits (1.12 vs. .27)—absolute differences of 3.05 more top-100 hits, 2.33 more top-40 hits, and 

.85 more top-10 hits after one’s initial success. Using the aforementioned model of total sales in 

Appendix B, the difference in top-100 sustained hit count (4.76 vs. 1.71) would translate into a 

difference of roughly 2.3 million more units sold (3.4M vs. 1.1M). This is a conservative 

estimate, as these estimated sustained hit counts only include hits achieved after initial success. 

With artists’ initial hits included, the difference in expected units sold would be larger (this is 

addressed below in the section on overall hit count). 

As a robustness check, the full model on sustained success was also tested using linear 

regression, with logged hit counts as the dependent variables (see Table C3). Because zero 

cannot be logged, one was added to all hit counts before they were logged. All significant results 

from the negative binomial models remained significant, except some of the results for top-10 hit 

count (H1 and H3 in Model 3, and H1 and H5 in Model 6). These insignificant results are likely 

due to the rather extreme rarity and over-dispersion of top-10 hits: 84% of artists had zero top-10 

hits after their initial success, but the 16% of artists who did had between 1 and 35 top-10 hits. 

Negative binomial regression is likely better suited to modelling this over-dispersed distribution 

than linear regression (Gardner et al., 1995; Long, 1997). 

Overall Hit Count (H1-H5). The three models in Table C4 use negative binomial 

regression to test the hypotheses on sustained success in terms of overall hit count, or the total 

number of hits that artists garnered in their careers (initial and sustained hit count summed 

together). The results are consistent with the corresponding results for sustained hit rate and 

count, except pre-novelty was not a significant predictor of overall top-10 hit count. To shed 

light on the practical significance of the hypotheses for artists’ career success, estimated overall 

hit counts were calculated for artists who enacted the best-case scenario (high in relatedness, pre-

novelty, and pre-variety) vs. the worst-case scenario (low in these three dimensions). Compared 

to worst-case artists, best-case artists could expect 105% more top-100 hits (6.07 vs. 2.96), 151% 

more top-40 hits (3.29 vs. 1.31), and 173% more top-10 hits (1.42 vs. .52)—absolute differences 

of 3.11 more top-100 hits, 1.98 more top-40 hits, and .90 more top-10 hits in one’s career. Using 

the aforementioned model of total sales, the difference in top-100 overall hit count (6.07 vs. 

2.96) would translate into a difference of roughly 3.8 million more units sold (5.6M vs. 1.8M). 

 

Without Controls (All Hypotheses; H1-H7) 

 As a robustness check, all hypotheses were tested without any controls. See Table C5 for 

H1-H5 (sustained success) and Table C6 for H6 and H7 (initial success). All significant results 

reported in the main paper remained significant without controls, except the main effect of pre-

novelty predicting top-10 hits (Models 3 and 6 in Table C5). 

 

Pre-Novelty and Pre-Variety Entered Separately (Sustained Success; H2 & H3) 

 As a robustness check, H2 and H3 were tested with pre-novelty (H2) and pre-variety 

(H3) entered into the models separately, without the other dimension included. All results 

remained significant without relatedness included in the models (Table C7) and with relatedness 

included (Table C8). 
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Pre-Novelty and Pre-Variety Together, Without Relatedness (Sustained Success; H2 & H3) 

 As a robustness check, H2 and H3 were tested with pre-novelty (H2) and pre-variety 

(H3) entered together, but without relatedness in the model. All results remained significant 

(Table C9). 

 

Using Only Initial Hit(s) in Pre-Novelty Measure (Sustained Success; H2) 

As a robustness check, H2 was tested with only artists’ initial hit(s) used in the measure 

of pre-novelty (Table C10). All results for H2 remained significant when the measure of pre-

novelty included all hits from the artist’s first hit year (Models 1-3) and just the artist’s biggest 

hit from their first hit year (Models 4-6). The main effect of pre-variety (H3) was marginal in 

predicting top-100 hits (p = .058 in Model 1; p = .057 in Model 4), but was significant in 

predicting top-40 and top-10 hits. Moreover, when the same models were run with the 

interactions, the interactions between relatedness and pre-variety (H5) were significant across all 

models. 

 

Censoring (All Hypotheses; H1-H7) 

Given the longitudinal nature of the study, left- and right-censoring are important 

considerations. The risk of left-censoring was presumably minimal, as the data sources were 

fairly rich for songs released in the 1950’s and later, and artists were omitted if they had any 

songs before 1959. However, it is possible that artists could have had songs before 1959 not 

captured in the data, and these songs may have qualified as Hot 100 hits if the chart had existed, 

meaning these artists’ initial hits would be left-censored. Given that we had complete Hot 100 

data from 1958-2010, restricting the sample to only artists whose careers started 1968 or later 

should virtually eliminate the risk of left-censoring, as ten years of Hot 100 data (1958-1967) 

could be used to verify whether artists had hits or not. Also, the data sources were even richer in 

the 1960’s than the 1950’s, so it is even less likely that artists’ non-hit songs would be missed.  

Thus, to address the possibility of left- and right-censoring for the hypotheses on 

sustained success (H1-H5), the models were restricted to only artists who started their careers in 

1968 or later, and who achieved their initial success by 2000. This allowed at least ten years for 

artists to generate additional hits (2001-2010), as opposed to five years in the full sample. 

Results were largely consistent with the full sample (Table C11), with one caveat: the main 

effect for pre-variety was not significant for top-100 hits (Model 1 and 4) and top-40 hits 

(Models 2 and 5), but it was significant for top-10 hits (Models 3 and 6), and the interaction 

between relatedness and pre-variety was significant across all three hit levels (Models 4-6). 

Moreover, the main effect of pre-variety was significant for all three hit levels when relatedness 

was excluded from the model. This pattern of results for pre-variety is generally consistent with 

the results from the full sample reported in the main paper. In the full-sample results, the main 

effect of pre-variety is weaker when relatedness is included in the model. This makes sense given 

that another way to interpret the results for H5 is that the benefit of pre-variety depended on 

relatedness: reaching initial success with a varied portfolio was only beneficial when artists then 

leveraged that portfolio with related songs (see Figure 6 in the main paper). 

Regarding the hypotheses on initial success (H6 and H7), although Cox regression 

accounts for right-censoring, as a robustness check, the models were further restricted to only 

artists who started their careers by 2000 (as opposed to 2005), allowing 11 years for them to 

achieve an initial hit (as opposed to 6 years). In addition, to address left-censoring, only artists 
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whose careers started 1968 or later were included. Thus, the models only included artists whose 

careers started 1968-2000. Results were consistent with the full sample (Table C14, Models 1-3). 

 

Artists’ Control Over Songs (All Hypotheses; H1-H7) 

A potential limitation of the music industry is that artists vary in how much they control 

their portfolios of songs. To address this concern, all hypotheses were tested with only artists 

who wrote and produced fifty percent or more of their songs. Results were consistent with the 

full-sample results: see Table C12 (sustained success; H1-H5) and Models 4-6 in Table C14 

(initial success; H6 and H7). 

 

Low Initial Song Count (All Hypotheses; H1-H7) 

Some artists had relatively few songs on which to base their scores of novelty and variety 

(and thus pre-novelty and pre-variety for hit artists). From a conceptual standpoint, artists with 

few songs should score lower in pre-variety on average than artists with many songs, because 

they likely have less heterogeneity in their portfolio. Nonetheless, as a robustness check, the 

hypotheses were tested with only artists who were scored on 12 or more songs, which was the 

median number of songs on which hit artists were scored for pre-novelty and pre-variety. 

For the hypotheses on sustained success (H1-H5), the results were largely consistent with 

the full sample, with two exceptions (Table C13). First, the main effect for pre-variety was 

marginal for top-40 hits (p = .099 in Model 2 and p = .089 in Model 5). Second, the interaction 

between relatedness and pre-variety was marginal for top-10 hits (p = .056 in Model 6). All other 

significant results from the full sample remained significant. It makes sense that the results for 

pre-variety would be weaker with this subset of artists, as the variance in pre-variety was more 

restricted than the full sample. In sum, although support for H3 and H5 was not as strong when 

the sample was restricted to artists scored on 12 or more songs, all hypotheses supported in the 

full sample were largely supported in this subset of artists. For the hypotheses on initial success 

(H6 and H7), results were consistent with the full sample—see Models 7-9 in Table C14. 

 

Linear Regression in Place of Logistic Regression (Sustained Success; H1-H5) 

As a robustness check, Table C15 contains tests of the hypotheses on sustained success 

using linear models. The models are otherwise the same as the logistic models in the main paper, 

including the same binary DV (whether each song was a hit or not). Results are consistent with 

the corresponding logistic models in the main paper. 

 

Cox Regression in Place of Logistic Regression (Sustained Success; H1-H5) 

 As a robustness check, Tables C16 and C17 test the hypotheses on sustained success 

using Cox regression at the artist-year level (similar to the Cox models used to test the 

hypotheses on initial success in the main paper). These models follow recommended procedures 

for Cox regression with multiple unordered failure events (Cleves, 2000). The observations are 

all years in which artists released one or more songs following their initial success, and a 

“failure” event is having a hit song in a given year. Thus, “failure” was actually success in these 

models. These models include the equivalent set of controls as the corresponding logistic models 

in the main paper. However, three time-related controls could not be included in the Cox models 

because they would prevent the models from converging: career age, years since last song, and 

year of first hit. Compared to the logistic models in the main paper, a disadvantage of the Cox 

models is they do not leverage the song-level granularity of the data. For instance, because the 
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Cox models are at the artist-year level, if artists had more than one hit in a year, it would only 

count as one hit. Nonetheless, the Cox models complement the logistic models because they 

account for the role of time more directly. 

 Table C16 contains Cox models with all regular covariates, while Table C17 contains the 

same models but with all variables that varied over time entered as time-varying covariates 

(although pre-novelty and pre-variety did not vary over time, they were both entered as time-

varying covariates for consistency across the hypotheses). Across all models in both tables, 

results were consistent with the corresponding logistic models in the main paper.  

 

Logistic Regression in Place of Cox Regression (Initial Success; H6 & H7) 

 As a robustness check, Table C18 contains tests of the hypotheses on initial success using 

logistic regression at the artist level. These logistic models are intended to complement the Cox 

regression models in the main paper. Like the Cox models, the independent variables (novelty 

and variety) are based on the songs that artists released through the year of their first hit (if any). 

This means that for hit artists, novelty and variety are the same values used to measure pre-

novelty and pre-variety in the models on sustained success. For non-hit artists, novelty and 

variety are based on all songs released in their careers. 

 In these models, hit artists’ career age maxes out when they reach their first hit. This 

means that career age may be a problematic control variable, as it is highly correlated with the 

DV (whether artists have an initial hit or not). Thus, the hypotheses were tested both without 

(Models 1-3) and with (Models 4-6) a control for career age. Across all six models, results were 

consistent with the Cox models reported in the main paper. The coefficients were generally 

larger when career age was excluded, but the significant results from the Cox models remained 

significant with career age included. 

 

Weeks on Hot 100 as DV (Sustained Success; H1-H5) 

As a robustness check, the hypotheses on sustained success were tested with the number 

of weeks at each hit level as the dependent variable, using negative binomial regression (Table 

C19) and linear regression (Tables C20 and C21). For the linear models in Table C21, the 

dependent variable was logged—one week was added to all songs beforehand, as zero cannot be 

logged (the dependent variable was not logged in Table C20). Across the three tables, results are 

consistent with the binary logistic models reported in the main paper. 

Interestingly, in some of the linear models, the interaction term testing H4 was 

significant, including Model 5 in Table C19 and Model 4 in Table C21. But these results should 

not carry much weight given that H4 was not supported in the majority of other models, 

including the binary logistic models in the main paper that are likely more appropriate tests.  

 

Beginner’s Luck (All Hypotheses; H1-H7) 

A total of 1,557 artists had their initial hit(s) in their first career year, which was 32.06% 

of hit artists and 2.25% of all artists. It is possible that these artists’ initial success was driven 

more by random chance or other external influences than artists who did not enjoy such early 

success. Thus, the seven hypotheses were tested without artists who achieved initial success in 

their first career year.  

Regarding the hypotheses on sustained success (H1-H5; Table C22), the pattern of results 

was consistent with the full sample for H1, H2, and H4 (with H4 not supported), but results were 

generally weaker with respect to pre-variety (H3 and H5). Regarding H3, the main effect of pre-
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variety was not significant across the three hit levels, but it was marginal for top-100 hits (p = 

.084 in Model 1, and p = .079 in Model 4). Regarding H5, the interaction between relatedness 

and pre-variety was significant for top-100 hits (Model 4), but not significant for top-40 or top-

10 hits (Models 5 and 6). Like the earlier section (Low Initial Song Count), it makes sense that 

the results for pre-variety would be weaker given that this subset of artists had less variance in 

pre-variety than the full sample. Excluding artists who had hit(s) in their first career year omitted 

many artists low in pre-variety, leaving a subset that was relatively high in pre-variety, restricting 

variance compared to the full sample. Regarding the hypotheses on initial success (H6 and H7), 

results were consistent with the full sample—see Models 1-3 in Table C24. 

These supplementary results suggest that although H3 and H5 were more strongly 

supported in the full sample, all hypotheses supported in the full sample were largely supported 

when artists with hit(s) in their first career year were excluded. Thus, a form of beginners’ luck 

may have played a minor role in driving the results on pre-variety in predicting sustained 

success, but this was likely not the sole driver of the results. 

 

Falsification Tests (All Hypotheses; H1-H7) 

Given the large sample size, it is possible that the statistically significant results in 

support of the hypotheses were due more to chance than the p-values indicate. To address this 

possibility, I conducted falsification tests for all seven hypotheses by randomly assigning hits to 

artists/songs. 

For the hypotheses on sustained success (H1-H5), the real number of hits that artists 

collectively achieved after initial success were randomly assigned to the songs that artists 

released after their (real) initial success. This included randomly assigning 12,425 top-100 hits, 

6,303 top-40 hits, and 2,544 top-10 hits. With hits randomly assigned in this way, none of the 

results across all models were significant for any of the independent variables (Table C23). In 

addition, none of the controls were significant except one or two of the combined 65 dummies 

for genre and release year in each model (p < .05). 

For the hypotheses on initial success (H6 and H7), I randomly selected from the whole 

sample (69,050 artists) the number of artists who actually reached each hit level in their initial 

success (4,857 artists had a top-100 initial hit, 2,521 had a top-40 initial hit, and 1,199 had a top-

10 initial hit). For each artist within this randomly-selected subset, I then randomly selected one 

of the artist’s career years to be their first hit year. Thus, I randomly selected which artists 

achieved initial success and when in their careers they achieved it. With hits randomly assigned 

in this way, none of the results testing the hypotheses on initial success were significant (Models 

4-6, Table C24). Some of the results for the control variables were significant, but as expected, 

the coefficients were all substantially smaller than the real models. In sum, results from these 

falsification tests suggest that the significant p-values in support of the hypotheses were not just 

driven by chance or a large sample size. 

 

Persistent Missing (Initial Success; H6 & H7) 

 Of the 4,857 artists with one or more hits, 96% achieved their first hit by their tenth 

career year. Thus, it was quite rare to achieve initial success late in one’s career. Despite this, 

many artists without any hits had relatively long careers. The majority of non-hit artists (61%) 

released one or more songs past their tenth career year. It is possible that by this late in their 

careers, artists and their supporting teams have given up on achieving a hit and are focused on 

sustaining a more moderate degree of success, perhaps with a relatively niche audience. To rule 
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out this and other possible confounds associated with late-career artists, the hypotheses on initial 

success were tested using only artists’ first ten career years—see Models 7-9 in Table C24. 

Results were consistent with the full sample. 

 

Innate Talent (Sustained Success; H2 & H3) 

An alternative explanation worth examining is the role of underlying ability or innate 

talent in driving the results. To explore the possible impact of innate talent, I created measures of 

post-novelty and post-variety, which capture the novelty and variety that creators generated after 

their initial success (and are thus independent from pre-novelty and pre-variety). It is possible 

that more talented artists were able to succeed through generating novelty and variety because of 

the talent they started with, not due to the novelty and variety in their portfolios. If innate talent 

drove the results in this way, then artists higher in pre-novelty or pre-variety should be more 

capable of succeeding through generating novelty or variety after their initial success. But the 

data suggest just the opposite.  

First, regarding novelty, artists higher in pre-novelty had significantly worse sustained hit 

rates for top-100 and top-10 hits when they generated relatively novel songs after their initial 

success (Table C25, Models 1 and 3); this result was not significant for top-40 hits, however 

(Model 2). Similarly, artists higher in pre-variety had significantly worse hit rates for top-40 and 

top-10 hits when they generated relatively novel songs (Models 2 and 3); this result was not 

significant for top-100 hits, however (Model 1). 

Second, regarding variety, artists higher in pre-variety had significantly worse hit rates 

for all three hit levels if they generated more variety after their initial success (Table C26). Pre-

novelty did not significantly interact with post-variety, however. 

In sum, artists who generated novelty or variety before their initial success were 

significantly less likely to sustain success if they continued to generate novelty or variety after 

their initial success. If pre-novelty and pre-variety were just proxies for innate talent, these 

results would suggest that after initial success, the more talented artists were somehow less 

capable of succeeding with novelty or variety than their less talented peers, even though they 

were able to achieve initial success with novelty or variety in the first place. This seems 

relatively implausible, suggesting that innate talent was likely not the main driver of the results. 

However, presumably innate talent played a role that cannot be measured or completely ruled out 

in this study.  

Results from these models also provide additional support for the general notion that 

initial success triggers path dependencies that are shaped by the novelty and variety in creators’ 

portfolios at the time. Whereas pre-novelty and pre-variety positively predicted sustained 

success, these models show that post-novelty negatively predicted sustained success and post-

variety was not significantly related to sustained success (and the tests of H1 suggest that 

relatedness positively predicted sustained success). Thus, generating novelty and variety was 

beneficial for sustained success only until artists reached initial success, at which point they were 

better off pursuing typicality and relatedness.  

 

Cumulative Advantage (Sustained Success; H1-H5) 

Although prior success was controlled for in all tests of the hypotheses on sustained 

success, it is possible that differences in artists’ degree of initial success may have influenced the 

results through cumulative advantage—the notion that early success begets more success 

because opportunities and resources flow to already successful people (DiPrete & Eirich, 2006; 
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Merton, 1968). This possibility was tested for the hypotheses on sustained success (H1-H5) in 

three different ways. First, H1-H5 were tested with just artists who had a top-40 initial hit, which 

was roughly half of hit artists (Table C27). Results were consistent with the full sample, with one 

caveat: the interaction between relatedness and pre-variety (H5) was not significant for top-40 

hits (Model 5). Second, H1-H5 were tested with just artists who had two or more initial hits, 

which was 39% of hit artists (Table C28). Results were largely consistent with the full sample, 

except for the main effect of pre-variety, which was no longer significant (Models 1-6). Pre-

variety essentially became a moderated effect: pre-variety was only significantly beneficial when 

combined with relatedness (Models 4-6). This makes sense given that the variance in pre-variety 

was restricted in this subset of artists. Third, Table C29 tests the possibility that having just one 

initial hit is qualitatively different from having multiple initial hits. Despite a relatively large 

main effect that artists with just one initial hit (vs. more) were less likely to sustain success, 

results for the hypotheses did not significantly differ for artists with one initial hit (vs. more). For 

brevity, the three-way interactions for H4 and H5 are not in Table C29, but none were 

significant. 

 In sum, these results suggest that the tests of the hypotheses on sustained success (H1-

H5) were not significantly biased by cumulative advantage effects. Field experiments have 

demonstrated that early success has decreasing marginal returns, such that the difference 

between no vs. slight early success is more impactful in driving cumulative advantage than the 

difference between slight vs. major early success (Van de Rijt et al., 2014). Achieving a hit is a 

relatively major degree of success, which may help explain why the hypothesized forms of path 

dependence mattered over and above cumulative advantage based on early success. Cumulative 

advantage may kick in later, however. Creators who garner a critical mass of hits may reach 

“superstar” status, fueling additional success through better opportunities and resources. At that 

point, cumulative advantage effects may overpower path dependencies associated with creators’ 

portfolios upon initial success. The present theory is more about how creators may garner a 

critical mass of hits in the first place, rather than remain stuck at one or two. 

 

Learning vs. Expectations Mechanism (Sustained Success; H1 & H5) 

The proposed theorizing posits that the benefits of relatedness are driven by two self-

reinforcing mechanisms: internal learning and external expectations. These two mechanisms are 

difficult to tease apart, especially because they are likely mutually reinforcing. However, one 

possibility worth examining is whether the results for relatedness were driven entirely by the 

audience and gatekeepers, which would be consistent with the expectations mechanism but 

inconsistent with the learning mechanism. I tested this possibility in two ways. 

First, artists’ initial hits were removed from the relatedness measure, meaning their songs 

were only compared to their non-hit songs from before their initial success (Table C30). If 

expectations from the audience and gatekeepers were solely responsible for the results, then 

artists should be rewarded more for staying consistent with their initial hits than their non-hit 

songs, as the audience and gatekeepers should be less familiar with their non-hits (if at all). 

Results for H1 and H5 were similar for relatedness without initial hits (Models 1-3) versus 

relatedness with initial hits (Models 4-6; these models were included as a means of comparison 

with the same set of artists as Models 1-3, as 327 artists from the full sample were omitted 

because they only had data on their initial hits for the relatedness measure). Thus, relatedness 

predicted sustained success regardless of whether artists released songs that were similar to their 

initial hits or non-hits. However, the coefficients were slightly higher for relatedness when 
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artists’ initial hits were included (Models 4-6) versus excluded (Models 1-3) in the measure. This 

pattern of results is consistent with the possibility that both learning and expectation effects 

drove the benefits of relatedness. 

Second, as a more precise test, I compared two additional relatedness measures: how 

similar artists’ songs were to their biggest initial hit versus a non-hit song that was randomly 

selected from their pre-success portfolio (Table C31). Both measures were significant positive 

predictors of sustained success when entered separately (Models 1 and 2), and when entered 

together (Models 3-5). The two coefficients did not significantly differ for top-100, top-40, or 

top-10 hits (Models 3-5). Thus, the benefit of relatedness was approximately equal when artists 

released songs that were similar to their biggest initial hit versus a randomly-selected non-hit 

song that was probably much less familiar to the audience and gatekeepers. And importantly, 

both coefficients were significant with the other one in the model, meaning they each 

independently predicted sustained success. These results hint that the significant results for H1 

and H5 were likely driven by more than just expectations from the audience and gatekeepers, 

allowing for the possibility that both the learning and expectations mechanisms were at play. 

However, future research is needed to more precisely tease apart the extent to which each of 

these mechanisms may have contributed to the benefits of relatedness in predicting sustained 

success. 

 

Role Effects (Sustained Success; H1-H3) 

The results on sustained success revealed significant findings for three types of roles: 

soloists (vs. groups), self-writers (artists who tended to write their own songs), and self-

producers (artists who tended to produce their own songs). Results suggest that soloists had 

better sustained hit rates than groups (although these results were not significant for sustained hit 

count). Self-writers had worse sustained hit rates and counts, whereas self-producers had better 

sustained hit rates and counts. Given these results, I tested whether these three roles moderated 

the relationships in H1-H3. Results showed that H1-H3 did not significantly differ for soloists vs. 

groups (Table C32; the three-way interactions for H4 and H5 were also insignificant but not 

reported for brevity). For self-writers, relatedness was associated with significantly better hit 

rates for all three hit levels (Table C33, Models 1-3), and pre-novelty was associated with 

significantly better hit rates for top-40 and top-10 hits (Models 2 and 3). For self-producers, the 

benefit of relatedness was also significantly stronger for top-100 and top-40 hits (Models 4 and 

5), but marginal for top-10 hits (p = .07; Model 6). Audiences are not usually aware of who 

writes and produces the songs that artists perform. Thus, these results provide some evidence that 

H1 and H2 were driven at least in part by how artists and their supporting teams built their 

portfolios over time, and not just how audiences reacted to their work.  

 

Longevity of Hypothesized Relationships (Sustained Success; H1-H5) 

 To explore the longevity of the hypothesized relationships regarding sustained success, I 

conducted two sets of analyses. First, I tested whether the number of years since one’s initial hit 

moderated the relationships in H1-H3 (Table C34). Results showed that the positive association 

between relatedness and sustained success (H1) did not significantly change as time passed 

following artists’ initial success—relatedness was equally beneficial over time. However, the 

benefit of pre-novelty (H2) significantly increased over time for all three hit levels, and the 

benefit of pre-variety (H3) significantly increased over time for top-100 hits (but did not 

significantly change for top-40 and top-10 hits, although the result for top-40 hits was marginal, 
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p = .06). Thus, although artists’ overall odds of generating hits declined as time passed from their 

initial hits, this decline was less steep for artists higher in pre-novelty or pre-variety. 

 Second, I tested the full model (H1-H5) with the sample restricted to songs that artists 

released at least five, ten, and 15 years after their initial hits. Although these cutoffs omitted 

artists from the sample who did not release any songs after the given cutoff, this enabled 

relatively fair comparisons by restricting the sample to artists who all had relatively long careers 

after their initial hits. For comprehensiveness, I ran the full model with each of the three cutoffs 

(songs released at least five, ten, and 15 years after initial success) for all three hit levels (top 

100, 40, and 10), for a total of nine models—see Table C35. However, it should be noted that 

some of the models may be underpowered because they include relatively few hits, especially the 

models with the 15-year cutoff (Models 3, 6, and 9). Hits were increasingly rare as time passed 

after artists’ initial hits. About 44% of all hits that artists achieved after their initial hits occurred 

five or more years after their initial hits, 17% occurred ten or more years after their initial hits, 

and only 7% occurred 15 or more years after their initial hits. For context, Table C35 includes a 

row with the total number of hits in each model. 

 Results suggest the positive relationship between relatedness and sustained success (H1) 

was quite robust over time. Relatedness was a significant positive predictor of sustained success 

across all nine models, meaning with all three cutoffs (at least five, ten, and 15 years after initial 

success) for all three hit levels (top 100, 40, and 10). Results also support the longevity of pre-

novelty predicting sustained success (H2). Pre-novelty was a significant positive predictor of 

sustained success with the five- and ten-year cutoffs for all three hit levels (except the ten-year 

cutoff for top-40 hits, p = .10). The main effect for pre-variety (H3) was not significant in any 

model, however. Instead, like some of the supplementary analyses reported above (and 

consistent with the full-sample results in the main paper), the results suggest the benefit of pre-

variety depended on relatedness. The interaction between relatedness and pre-variety (H5) was 

significant with all three cutoffs for top-100 and top-40 hits (except the 15-year cutoff for top-40 

hits was marginal, p = .07). 

 Interestingly, the interaction between relatedness and pre-novelty (H4) was significant 

and negative with the ten- and 15-year cutoffs for top-100 hits (Models 2 and 3). These two 

significant results should be taken with a grain of salt, as this interaction was null in the full-

sample results and the vast majority of supplementary analyses reported above. Nonetheless, I 

probed these two significant interactions to see if the results could shed useful light on the null 

results for H4. Based on H4, artists higher in pre-novelty should benefit more from relatedness 

than artists lower in pre-novelty. Instead, these results suggest that ten or more years after their 

initial hits, artists lower in pre-novelty were penalized more for failing to pursue relatedness than 

artists higher in pre-novelty, whose odds of sustained success did not depend as much on 

relatedness. In other words, to maximize their odds of sustained success at this relatively late 

stage of their careers, artists lower in pre-novelty still needed to pursue relatedness, while artists 

higher in pre-novelty did not need to worry about relatedness. Importantly, this dynamic was not 

reflected in the data until this relatively late career stage. When the sample was restricted to 

songs released in just the nine years after initial success, the results were more consistent with 

H4 (although not significant). Taken together, these results hint that the dynamic between 

relatedness and pre-novelty may depend on timing and career stage in complex ways, as opposed 

to the simpler story implied by H4. 
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 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Top X = Hit vs. Miss): Typicality  Typicality  Top 100  Top 100  Top 40  Top 10  

Model Type: Linear  Linear  Logit  Logit  Logit  Logit  

Relatedness (control in these analyses) .397***  .404***  -.119***  -.131***  -.129***  -.209***  

 (.001)  (.001)  (.022)  (.023)  (.031)  (.046)  

Pre-Novelty (H2) .011***  .012***  .101***  .094***  .129***  .150***  

 (.002)  (.002)  (.024)  (.024)  (.031)  (.041)  

Pre-Variety (H3) .055***  .066***  -.007  -.009  .003  .030  

 (.002)  (.002)  (.025)  (.025)  (.033)  (.042)  

Relatedness X Pre-Novelty (H4)   -.016***    .030*  .044*  .047  

      (.001)    (.014)  (.018)  (.028)  

Relatedness X Pre-Variety (H5)   .074***    -.016  -.001  .009  

          (.001)    (.013)  (.017)  (.025)  

Song Typicality (novelty reverse scored)     .861***  .880***  .873***  1.000***  

Time-Varying Artist Controls:     
(.046)  (.047)  (.064)  (.096)  

    Song Count Year (log) -.005***  -.004***  -.242***  -.242***  -.158***  -.052  

 (.001)  (.001)  (.014)  (.014)  (.020)  (.030)  

    Song Count Total (log) .005*  .001  -.262***  -.261***  -.218***  -.357***  

 (.002)  (.002)  (.037)  (.037)  (.050)  (.069)  

    Prior Hit Count (log) .021***  .023***  -.145*  -.146*  -.205*  -.088  

 (.004)  (.004)  (.062)  (.062)  (.081)  (.115)  

    Prior Hit Weeks (log) -.014***  -.015***  .978***  .978***  1.079***  1.073***  

 (.004)  (.004)  (.057)  (.057)  (.079)  (.114)  

    Career Age -.293***  -.295***  -1.678***  -1.673***  -1.981***  -1.925***  

 (.005)  (.005)  (.078)  (.078)  (.106)  (.158)  

    Years Since Last Song -.002  -.002*  -.111*  -.112*  -.021  -.090  

 (.001)  (.001)  (.052)  (.052)  (.074)  (.115)  

Static Artist Controls:             

    Soloist (vs. Group) -.006  -.002  .135**  .134**  .176**  .193*  

 (.005)  (.005)  (.052)  (.052)  (.067)  (.086)  

    Prior Hit(s) w/ Group .028***  .027***  .275***  .276***  .353***  .261*  

 (.007)  (.007)  (.067)  (.067)  (.084)  (.103)  

    Self-Write % -.004  -.007*  -.144***  -.143***  -.158***  -.076  

 (.003)  (.003)  (.029)  (.029)  (.038)  (.050)  

    Self-Produce % .001  .003  .170***  .170***  .220***  .213***  

 (.003)  (.003)  (.026)  (.026)  (.034)  (.044)  

    Career Age at 1st Hit .075***  .075***  .435***  .433***  .461***  .457***  

 (.003)  (.003)  (.038)  (.038)  (.051)  (.071)  

    Year of 1st Hit -.300***  -.307***  -.238***  -.231***  -.363***  -.473***  

 (.006)  (.005)  (.066)  (.067)  (.086)  (.132)  

Song Controls:             

    # of Artists on Song (log) .001  .001  -.042**  -.042**  -.015  .066**  

 (.001)  (.001)  (.015)  (.015)  (.019)  (.025)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept -.532***  -.511***  -4.468***  -4.460***  -5.385***  -6.682***  

 (.009)  (.009)  (.119)  (.119)  (.158)  (.253)  

Random Intercept (Artist) .016***  .014***  .562***  .563***  .750***  .703***  

 (.001)  (.001)  (.046)  (.046)  (.071)  (.088)  

Random Intercept (Label) .008***  .007***  .495***  .494***  .544***  .515***  

 (.000)  (.000)  (.039)  (.039)  (.055)  (.080)  

Observations (Songs) 226,191  226,191  226,191  226,191  226,191  225,525a  

Artists 4,310  4,310  4,310  4,310  4,310  4,309  

Labels 6,575  6,575  6,575  6,575  6,575  6,553  

Log-Likelihood -29,619  -22,061  -36,619  -36,619  -22,209  -10,934  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized.  
aNo songs from the “Children” genre made the top 10, omitting 666 songs and one artist within this genre from Model 6. 

 

Table C1. Linear and Logistic Regression Models for Market Adaptation 

Mediation Analyses (Sustained Success; H2-H5). 
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Table C2. Negative Binomial Regression Models (Sustained Success; H1-H5): Artists’ 

Sustained Hit Counts. 

 

  

 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Artist Sustained Hit Count): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness (H1) .167***  .260***  .190**  .189***  .275***  .218***  

 (.034)  (.051)  (.064)  (.035)  (.052)  (.065)  

Pre-Novelty (H2) .091***  .121***  .085*  .096***  .128***  .088*  

 (.025)  (.036)  (.043)  (.025)  (.036)  (.043)  

Pre-Variety (H3) .168***  .241***  .297***  .226***  .306***  .399***  

 (.037)  (.055)  (.067)  (.040)  (.060)  (.075)  

Relatedness X Pre-Novelty (H4)       -.013  .001  -.055  

          (.027)  (.040)  (.050)  

Relatedness X Pre-Variety (H5)       .081***  .093**  .129**  

       (.023)  (.036)  (.046)  

Controls (All at Artist Level):             

    Pre-Song Count (log) -.703***  -.797***  -.789***  -.726***  -.821***  -.827***  

 (.042)  (.060)  (.071)  (.042)  (.061)  (.072)  

    Song Count Total (log) 1.683***  1.913***  1.600***  1.675***  1.900***  1.597***  

 (.055)  (.082)  (.098)  (.055)  (.082)  (.098)  

    Pre-Hit Count (log) .242***  .251***  .293***  .242***  .249***  .288***  

 (.034)  (.049)  (.060)  (.034)  (.049)  (.060)  

    Pre-Hit Weeks (log) .265***  .310***  .204**  .263***  .309***  .207**  

 (.040)  (.059)  (.075)  (.040)  (.059)  (.075)  

    Overall Career Age -.120*  -.115  .038  -.120*  -.112  .042  

 (.051)  (.076)  (.097)  (.051)  (.076)  (.097)  

    Mean Years Since Last Song -.437***  -.541***  -.946***  -.432***  -.537***  -.940***  

 (.059)  (.103)  (.169)  (.059)  (.103)  (.169)  

    Soloist (vs. Group) -.034  -.197*  -.353***  -.031  -.194*  -.349***  

 (.056)  (.079)  (.097)  (.056)  (.079)  (.096)  

    Prior Hit(s) w/ Group -.073  .079  .035  -.080  .073  .032  

 (.081)  (.113)  (.132)  (.080)  (.112)  (.132)  

    Self-Write % -.112***  -.082  .135*  -.120***  -.088  .124*  

 (.033)  (.047)  (.061)  (.033)  (.047)  (.060)  

    Self-Produce % .117***  .150***  .107*  .123***  .157***  .117*  

 (.030)  (.043)  (.053)  (.030)  (.043)  (.053)  

    Career Age at 1st Hit -.073*  -.132**  -.179**  -.065*  -.122**  -.165**  

 (.033)  (.047)  (.060)  (.033)  (.047)  (.060)  

    Year of 1st Hit -.094*  .021  -.025  -.095*  .019  -.024  

 (.047)  (.068)  (.087)  (.047)  (.068)  (.087)  

    Mean # of Artists on Songs (log) -.191***  -.255***  -.179**  -.188***  -.254***  -.174*  

 (.035)  (.056)  (.068)  (.035)  (.056)  (.068)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept -.896***  -2.371***  -3.924***  -.882***  -2.354***  -3.909***  

 (.084)  (.128)  (.177)  (.084)  (.128)  (.175)  

Random Intercept (Label) .078***  .101**  .135**  .079***  .104**  .122*  

 (.043)  (.076)  (.112)  (.043)  (.078)  (.105)  

Observations (Artists) 4,310  4,310  4,310  4,310  4,310  4,310  

Labels 369  369  369  369  369  369  

Log-Likelihood -6,909  -4,549  -2,732  -6,903  -4,545  -2,727 
 

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 
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Table C3. Linear Regression Models (Sustained Success; H1-H5): Artists’ Sustained Hit 

Counts (Logged). 

 

 

  

 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Artist Sustained Hit Count, Log): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness (H1) .033**  .022*  .008  .048***  .032**  .012  

 (.012)  (.010)  (.007)  (.013)  (.011)  (.008)  

Pre-Novelty (H2) .059***  .045***  .025***  .060***  .046***  .026***  

 (.012)  (.010)  (.007)  (.012)  (.010)  (.007)  

Pre-Variety (H3) .040**  .024*  .016  .058***  .036**  .021*  

 (.015)  (.012)  (.008)  (.016)  (.013)  (.009)  

Relatedness X Pre-Novelty (H4)       -.009  -.006  -.004  

          (.011)  (.009)  (.006)  

Relatedness X Pre-Variety (H5)       .023**  .016*  .006  

       (.009)  (.007)  (.005)  

Controls (All at Artist Level):             

    Pre-Song Count (log) -.280***  -.179***  -.094***  -.288***  -.184***  -.096***  

 (.018)  (.015)  (.010)  (.018)  (.015)  (.010)  

    Song Count Total (log) .600***  .366***  .171***  .599***  .365***  .171***  

 (.021)  (.018)  (.012)  (.021)  (.018)  (.012)  

    Pre-Hit Count (log) .210***  .137***  .070***  .210***  .137***  .070***  

 (.016)  (.013)  (.009)  (.016)  (.013)  (.009)  

    Pre-Hit Weeks (log) .038*  .018  -.002  .037*  .017  -.002  

 (.018)  (.014)  (.010)  (.018)  (.014)  (.010)  

    Overall Career Age -.055**  -.038*  -.014  -.056**  -.038*  -.014  

 (.021)  (.017)  (.012)  (.021)  (.017)  (.012)  

    Mean Years Since Last Song -.044**  -.013  -.002  -.043**  -.012  -.002  

 (.014)  (.011)  (.008)  (.014)  (.011)  (.008)  

    Soloist (vs. Group) -.027  -.038  -.032*  -.025  -.037  -.032*  

 (.026)  (.021)  (.014)  (.026)  (.021)  (.014)  

    Prior Hit(s) w/ Group -.042  -.028  -.039  -.044  -.029  -.039  

 (.039)  (.032)  (.022)  (.039)  (.032)  (.022)  

    Self-Write % -.054***  -.028*  -.003  -.056***  -.029*  -.004  

 (.015)  (.012)  (.008)  (.015)  (.012)  (.008)  

    Self-Produce % .058***  .046***  .022**  .059***  .046***  .022**  

 (.014)  (.011)  (.008)  (.014)  (.011)  (.008)  

    Career Age at 1st Hit -.051***  -.041***  -.023**  -.050***  -.040***  -.023**  

 (.014)  (.011)  (.008)  (.014)  (.011)  (.008)  

    Year of 1st Hit -.073***  -.041*  -.031**  -.074***  -.041*  -.031**  

 (.021)  (.017)  (.012)  (.021)  (.017)  (.012)  

    Mean # of Artists on Songs (log) -.030*  -.015  .000  -.028*  -.014  .000  

 (.012)  (.010)  (.007)  (.012)  (.010)  (.007)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept .155***  -.035  -.086***  .157***  -.033  -.086***  

 (.031)  (.026)  (.017)  (.031)  (.026)  (.017)  

Random Intercept (Label) .005***  .002***  .001***  .005***  .002***  .001***  

 (.002)  (.001)  (.000)  (.002)  (.001)  (.000)  

Observations (Artists) 4,310  4,310  4,310  4,310  4,310  4,310  

Labels 369  369  369  369  369  369  

Log-Likelihood -4,609  -3,761  -2,113  -4,605  -3,759  -2,112 
 

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 

 



Online Appendix 29 

Table C4. Negative Binomial Regression Models (Sustained Success; H1-H5): Artists’ 

Overall/Career Hit Counts. 

 

 

 

  

  Model 1  Model 2  Model 3  

DV (Artist Overall Hit Count):  Top 100  Top 40  Top 10  

Relatedness (H1)  .139***  .183***  .175***  

  (.018)  (.027)  (.039)  

Pre-Novelty (H2)  .060***  .042*  -.006  

  (.014)  (.020)  (.028)  

Pre-Variety (H3)  .161***  .236***  .331***  

  (.021)  (.032)  (.046)  

Relatedness X Pre-Novelty (H4)  -.001  .008  -.014  

     (.014)  (.022)  (.031)  

Relatedness X Pre-Variety (H5)  .056***  .085***  .110***  

  (.012)  (.019)  (.028)  

Controls (All at Artist Level):        

    Pre-Song Count (log)  -.220***  -.248***  -.247***  

  (.022)  (.033)  (.046)  

    Song Count Total (log)  .860***  .964***  .906***  

  (.027)  (.041)  (.058)  

    Overall Career Age  -.079**  -.068  -.059  

  (.026)  (.040)  (.057)  

    Mean Years Since Last Song  -.098***  -.149***  -.227***  

  (.021)  (.036)  (.060)  

    Soloist (vs. Group)  -.051  -.148**  -.234***  

  (.030)  (.045)  (.063)  

    Prior Hit(s) w/ Group  -.032  .020  -.005  

  (.044)  (.066)  (.090)  

    Self-Write %  -.111***  -.086**  -.011  

  (.018)  (.027)  (.038)  

    Self-Produce %  .061***  .072**  .058  

  (.016)  (.025)  (.035)  

    Career Age at 1st Hit  -.173***  -.267***  -.300***  

  (.017)  (.027)  (.038)  

    Year of 1st Hit  -.057*  -.008  -.091  

  (.024)  (.037)  (.053)  

    Mean # of Artists on Songs (log)  -.053**  -.033  .010  

  (.016)  (.025)  (.035)  

    Genre Dummies  YES  YES  YES  

Fixed Intercept  .531***  -.743***  -2.173*** 
 

  (.040)  (.066)  (.096)  

Random Intercept (Label)  .015***  .034***  .045*** 
 

  (.006)  (.018)  (.031)  

Observations (Artists)  4,310  4,310  4,310 
 

Labels  369  369  369  

Log-Likelihood  -9,759  -7,344  -4,599 
 

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables 

were standardized. 
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Table C5. Logistic Regression Models (Sustained Success; H1-H5): Without Controls. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table C6. Cox Regression Models (Initial Success; H6 & H7): Without Controls. 

 

 

  

 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness (H1) .279***  .279***  .252***  .284***  .283***  .254***  

 (.013)  (.018)  (.027)  (.013)  (.018)  (.027)  

Pre-Novelty (H2) .088**  .089*  .062  .090**  .088*  .061  

 (.028)  (.036)  (.045)  (.029)  (.036)  (.045)  

Pre-Variety (H3) .091**  .126**  .173***  .089**  .122**  .171***  

 (.031)  (.040)  (.050)  (.031)  (.040)  (.050)  

Relatedness X Pre-Novelty (H4)       -.006  .004  .001  

          (.013)  (.018)  (.027)  

Relatedness X Pre-Variety (H5)       .043***  .053**  .063**  

              (.012)  (.016)  (.024)  

             

Fixed Intercept -3.897***  -4.972***  -6.028***  -3.887***  -4.957***  -6.011***  

 (.036)  (.053)  (.076)  (.036)  (.053)  (.076)  

Random Intercept (Artist) 2.185***  2.862***  2.960***  2.181***  2.855***  2.952***  

 (.096)  (.153)  (.201)  (.096)  (.153)  (.200)  

Observations (Songs) 226,191  226,191  226,191  226,191  226,191  226,191  

Artists 4,310  4,310  4,310  4,310  4,310  4,310  

Log-Likelihood -40,574  -24,479  -12,119  -40,567  -24,474  -12,115  

Notes: *p < .05, ** p < .01, *** p < .001 

Standard errors in parentheses. All continuous variables were standardized. 

 Model 1  Model 2  Model 3  Model 4  Model 5  

DV (Artist Hit vs. Miss): Top 100  Top 100  Top 100  Top 40  Top 10  

Novelty [X Time] (H6) -.075***    -.088***  -.097***  -.099***  

 (.003)    (.003)  (.005)  (.007)  

Variety [X Time] (H7)   .030***  .053***  .061***  .063***  

   (.003)  (.003)  (.004)  (.005)  

           

Observations (Artist Release Years)a 346,608  346,608  346,608  346,608  346,608  

Total Career Years Under Observation 1,047,681  1,047,681  1,047,681  1,047,681  1,047,681  

Artists 69,050  69,050  69,050  69,050  69,050  

           

Log-Likelihood 
-50,779  -50,997  -50,658  -26,746  -12,822  

Notes: *p < .05, ** p < .01, *** p < .001 

Standard errors in parentheses. Both independent variables were standardized. 
a The observations in all models include each year artists released one or more songs, from their first career year 

through the year of their first hit (if any). 
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 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Pre-Novelty (H2) .097***  .137***  .175***        

 (.023)  (.030)  (.039)        

Pre-Variety (H3)       .120***  .126***  .150***  

       (.023)  (.030)  (.038)  

Time-Varying Artist Controls:             

    Song Count Year (log) -.268***  -.158***  -.040  -.267***  -.158***  -.040  

 (.014)  (.019)  (.029)  (.014)  (.019)  (.030)  

    Song Count Total (log) -.205***  -.170***  -.316***  -.234***  -.195***  -.345***  

 (.035)  (.048)  (.066)  (.036)  (.049)  (.068)  

    Prior Hit Count (log) -.172**  -.208**  -.066  -.145*  -.181*  -.031  

 (.060)  (.079)  (.112)  (.060)  (.080)  (.113)  

    Prior Hit Weeks (log) 1.014***  1.105***  1.092***  .990***  1.077***  1.052***  

 (.055)  (.076)  (.112)  (.055)  (.077)  (.112)  

    Career Age -1.964***  -2.287***  -2.292***  -1.942***  -2.263***  -2.252***  

 (.075)  (.103)  (.155)  (.075)  (.103)  (.155)  

    Years Since Last Song -.103*  -.027  -.092  -.112*  -.037  -.103  

 (.050)  (.072)  (.114)  (.050)  (.073)  (.114)  

Static Artist Controls:             

    Soloist (vs. Group) .176***  .187**  .194*  .183***  .201**  .210*  

 (.050)  (.065)  (.084)  (.050)  (.065)  (.084)  

    Prior Hit(s) w/ Group .296***  .385***  .296**  .294***  .383***  .296**  

 (.065)  (.082)  (.101)  (.065)  (.082)  (.102)  

    Self-Write % -.132***  -.138***  -.064  -.140***  -.144***  -.067  

 (.028)  (.037)  (.048)  (.028)  (.037)  (.049)  

    Self-Produce % .178***  .228***  .227***  .166***  .214***  .212***  

 (.025)  (.033)  (.043)  (.025)  (.033)  (.043)  

    Career Age at 1st Hit .530***  .567***  .584***  .507***  .542***  .552***  

 (.036)  (.049)  (.069)  (.036)  (.049)  (.069)  

    Year of 1st Hit -.495***  -.634***  -.804***  -.481***  -.614***  -.778***  

 (.063)  (.082)  (.127)  (.063)  (.082)  (.127)  

Song Controls:             

    # of Artists on Song (log) -.029*  -.011  .068**  -.027  -.009  .070**  

 (.014)  (.018)  (.024)  (.014)  (.018)  (.024)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept -5.006***  -5.933***  -7.321***  -4.970***  -5.881***  -7.240***  

 (.114)  (.152)  (.246)  (.114)  (.152)  (.246)  

Random Intercept (Artist) .584***  .752***  .691***  .591***  .769***  .714***  

 (.045)  (.070)  (.087)  (.046)  (.071)  (.089)  

Random Intercept (Label) .479***  .510***  .511***  .481***  .514***  .521***  

 (.036)  (.051)  (.077)  (.036)  (.051)  (.079)  

Observations (Songs) 253,006  253,006  252,266a  253,006  253,006  252,266a 
 

Artists 4,591  4,591  4,589  4,591  4,591  4,589  

Labels 7,392  7,392  7,368  7,392  7,392  7,368  

Log-Likelihood -39,065  -23,194  -11,298  -39,060  -23,195  -11,300  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 
a No songs from the “Children” genre made the top 10, omitting 740 songs from Models 3 and 6. 

 

Table C7. Logistic Regression Models (Sustained Success; H2 & H3): Pre-Novelty and 

Pre-Variety Entered Separately, Without Relatedness. 
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 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness (H1) .205***  .206***  .167***  .206***  .207***  .170***  

 (.013)  (.018)  (.026)  (.014)  (.018)  (.027)  

Pre-Novelty (H2) .128***  .169***  .200***        

 (.023)  (.031)  (.040)        

Pre-Variety (H3)       .073**  .093**  .131**  

       (.025)  (.033)  (.042)  

Time-Varying Artist Controls:             

    Song Count Year (log) -.245***  -.162***  -.058  -.245***  -.163***  -.058  

 (.014)  (.020)  (.030)  (.014)  (.020)  (.030)  

    Song Count Total (log) -.255***  -.208***  -.340***  -.261***  -.214***  -.355***  

 (.036)  (.050)  (.068)  (.037)  (.051)  (.070)  

    Prior Hit Count (log) -.140*  -.198*  -.081  -.123*  -.177*  -.048  

 (.061)  (.081)  (.114)  (.062)  (.082)  (.115)  

    Prior Hit Weeks (log) .971***  1.070***  1.066***  .956***  1.048***  1.031***  

 (.057)  (.078)  (.113)  (.057)  (.079)  (.114)  

    Career Age -1.910***  -2.218***  -2.198***  -1.908***  -2.210***  -2.170***  

 (.077)  (.105)  (.156)  (.077)  (.105)  (.156)  

    Years Since Last Song -.108*  -.017  -.083  -.112*  -.022  -.088  

 (.052)  (.073)  (.114)  (.052)  (.073)  (.114)  

Static Artist Controls:             

    Soloist (vs. Group) .142**  .184**  .204*  .160**  .208**  .228**  

 (.052)  (.067)  (.086)  (.052)  (.067)  (.086)  

    Prior Hit(s) w/ Group .289***  .369***  .275**  .287***  .367***  .275**  

 (.067)  (.085)  (.104)  (.067)  (.085)  (.104)  

    Self-Write % -.146***  -.160***  -.079  -.149***  -.162***  -.079  

 (.029)  (.038)  (.050)  (.029)  (.038)  (.050)  

    Self-Produce % .175***  .227***  .222***  .164***  .213***  .207***  

 (.027)  (.034)  (.044)  (.027)  (.035)  (.045)  

    Career Age at 1st Hit .504***  .532***  .539***  .489***  .511***  .512***  

 (.037)  (.050)  (.070)  (.038)  (.051)  (.071)  

    Year of 1st Hit -.508***  -.637***  -.784***  -.491***  -.614***  -.755***  

 (.065)  (.083)  (.128)  (.065)  (.083)  (.128)  

Song Controls:             

    # of Artists on Song (log) -.040**  -.014  .068**  -.038**  -.011  .070**  

 (.015)  (.019)  (.025)  (.015)  (.019)  (.025)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept -4.937***  -5.867***  -7.236***  -4.904***  -5.817***  -7.155***  

 (.117)  (.155)  (.248)  (.117)  (.155)  (.248)  

Random Intercept (Artist) .573***  .765***  .712***  .582***  .782***  .733***  

 (.046)  (.071)  (.088)  (.046)  (.073)  (.090)  

Random Intercept (Label) .500***  .554***  .525***  .503***  .560***  .536***  

 (.039)  (.055)  (.081)  (.039)  (.056)  (.082)  

Observations (Songs) 226,191 
 

226,191 
 

225,525a  226,191 
 

226,191 
 

225,525a 
 

Artists 4,310  4,310  4,309  4,310  4,310  4,309  

Labels 6,575  6,575  6,553  6,575  6,575  6,553  

Log-Likelihood -36,811  -22,317  -11,000  -36,821  -22,328  -11,007  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 
a No songs from the “Children” genre made the top 10, omitting 666 songs from Models 3 and 6. 

 

Table C8. Logistic Regression Models (Sustained Success; H2 & H3): Pre-Novelty and 

Pre-Variety Entered Separately, with Relatedness. 
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   Model 1  Model 2  Model 3   

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10   

Pre-Novelty (H2) .080***  .120***  .154***   

 (.023)  (.030)  (.040)   

Pre-Variety (H3) .107***  .106***  .124**   

 (.023)  (.030)  (.038)   

Time-Varying Artist Controls:        

    Song Count Year (log) -.265***  -.155***  -.036   

 (.014)  (.019)  (.030)   

    Song Count Total (log) -.240***  -.205***  -.361***   

 (.036)  (.049)  (.068)   

    Prior Hit Count (log) -.149*  -.186*  -.036   

 (.060)  (.080)  (.113)   

    Prior Hit Weeks (log) .995***  1.086***  1.065***   

 (.055)  (.077)  (.112)   

    Career Age -1.938***  -2.261***  -2.259***   

 (.076)  (.103)  (.155)   

    Years Since Last Song -.111*  -.035  -.103   

 (.050)  (.073)  (.114)   

Static Artist Controls:        

    Soloist (vs. Group) .170***  .182**  .188*   

 (.050)  (.065)  (.084)   

    Prior Hit(s) w/ Group .297***  .386***  .298**   

 (.065)  (.082)  (.102)   

    Self-Write % -.140***  -.145***  -.070   

 (.028)  (.037)  (.049)   

    Self-Produce % .171***  .221***  .218***   

 (.025)  (.033)  (.043)   

    Career Age at 1st Hit .512***  .550***  .563***   

 (.036)  (.049)  (.069)   

    Year of 1st Hit -.491***  -.632***  -.805***   

 (.063)  (.082)  (.127)   

Song Controls:        

    # of Artists on Song (log) -.028*  -.010  .069**   

 (.014)  (.018)  (.024)   

    Genre Dummies YES  YES  YES   

    Release Year Dummies YES  YES  YES   

Fixed Intercept -4.988***  -5.911***  -7.290***   

 (.114)  (.152)  (.247)   

Random Intercept (Artist) .585***  .755***  .696***   

 (.045)  (.070)  (.088)   

Random Intercept (Label) .480***  .512***  .517***   

 (.036)  (.051)  (.078)   

Observations (Songs) 253,006  253,006  252,266a  
 

Artists 4,591  4,591  4,589   

Labels 7,392  7,392  7,368   

Log-Likelihood -39,054  -23,187  -11,293   

Notes: *p < .05, ** p < .01, *** p < .001 Standard errors in parentheses. All 

continuous variables were standardized. 
aNo songs from the children genre made it to the top 10, omitting 740 songs 

within this genre from Model 3, which omitted two artists whose songs were all 

in this genre. 

Table C9. Logistic Regression Models (Sustained Success; H2 & H3): Pre-Novelty and 

Pre-Variety Entered Together, Without Relatedness. 
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 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Measure of Pre-Novelty: Hit(s)  Hit(s)  Hit(s)  Biggest Hit  Biggest Hit  Biggest Hit  

Relatedness (H1) .210***  .213***  .177***  .210***  .212***  .176***  

 (.014)  (.018)  (.027)  (.014)  (.018)  (.027)  

Pre-Novelty (H2) .155***  .190***  .199***  .153***  .182***  .183***  

 (.025)  (.033)  (.043)  (.024)  (.032)  (.042)  

Pre-Variety (H3) .048  .069*  .106*  .048  .070*  .108*  

 (.025)  (.033)  (.042)  (.025)  (.033)  (.042)  

Time-Varying Artist Controls:             

    Song Count Year (log) -.241***  -.159***  -.056  -.241***  -.159***  -.056  

 (.014)  (.020)  (.030)  (.014)  (.020)  (.030)  

    Song Count Total (log) -.275***  -.224***  -.364***  -.274***  -.224***  -.363***  

 (.037)  (.051)  (.070)  (.038)  (.051)  (.070)  

    Prior Hit Count (log) -.148*  -.210*  -.084  -.148*  -.209*  -.083  

 (.062)  (.082)  (.116)  (.062)  (.082)  (.116)  

    Prior Hit Weeks (log) .988***  1.087***  1.069***  .988***  1.086***  1.065***  

 (.058)  (.080)  (.115)  (.058)  (.080)  (.115)  

    Career Age -1.893***  -2.205***  -2.180***  -1.893***  -2.204***  -2.176***  

 (.078)  (.105)  (.157)  (.078)  (.105)  (.157)  

    Years Since Last Song -.107*  -.016  -.078  -.107*  -.016  -.078  

 (.052)  (.073)  (.114)  (.052)  (.073)  (.114)  

Static Artist Controls:             

    Soloist (vs. Group) .143**  .186**  .213*  .143**  .187**  .215*  

 (.052)  (.067)  (.086)  (.052)  (.067)  (.086)  

    Prior Hit(s) w/ Group .299***  .387***  .290**  .298***  .385***  .288**  

 (.068)  (.085)  (.105)  (.068)  (.086)  (.105)  

    Self-Write % -.137***  -.151***  -.077  -.139***  -.153***  -.080  

 (.030)  (.038)  (.050)  (.030)  (.038)  (.050)  

    Self-Produce % .170***  .217***  .217***  .170***  .217***  .217***  

 (.027)  (.035)  (.045)  (.027)  (.035)  (.045)  

    Career Age at 1st Hit .496***  .513***  .523***  .495***  .513***  .522***  

 (.038)  (.051)  (.071)  (.038)  (.051)  (.071)  

    Year of 1st Hit -.516***  -.645***  -.794***  -.511***  -.638***  -.785***  

 (.065)  (.084)  (.129)  (.065)  (.083)  (.129)  

Song Controls:             

    # of Artists on Song (log) -.039**  -.012  .069**  -.040**  -.012  .069**  

 (.015)  (.019)  (.025)  (.015)  (.019)  (.025)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept -4.934***  -5.863***  -7.216***  -4.933***  -5.860***  -7.210***  

 (.117)  (.155)  (.248)  (.117)  (.155)  (.248)  

Random Intercept (Artist) .568***  .762***  .724***  .570***  .765***  .730***  

 (.046)  (.071)  (.090)  (.046)  (.071)  (.090)  

Random Intercept (Label) .501***  .555***  .530***  .503***  .556***  .530***  

 (.039)  (.056)  (.082)  (.039)  (.056)  (.082)  

Observations (Songs) 226,191  226,191  225,525a  226,191  226,191  225,525a 
 

Artists 4,310  4,310  4,309  4,310  4,310  4,309  

Labels 6,575  6,575  6,553  6,575  6,575  6,553  

Log-Likelihood -36,524  -22,162  -10,953  -36,524  -22,163  -10,954  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 
aNo songs from the “Children” genre made the top 10, omitting 666 songs and one artist within this genre from Models 3 and 6. 

 

Table C10. Logistic Regression Models (Sustained Success; H2): Using Only Initial Hit(s) 

in Pre-Novelty Measure. 
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Table C11. Logistic Regression Models (Sustained Success; H1-H5): Only Artists Who 

Started Their Career and Had Their First Hit Between 1968 and 2000. 

 

   Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness (H1) .229***  .228***  .190***  .232***  .229***  .182***  

 (.018)  (.024)  (.035)  (.018)  (.024)  (.035)  

Pre-Novelty (H2) .074**  .114**  .115*  .071**  .106**  .108*  

 (.026)  (.034)  (.045)  (.026)  (.035)  (.046)  

Pre-Variety (H3) .054  .069  .135*  .053  .066  .137*  

 (.032)  (.042)  (.053)  (.032)  (.042)  (.054)  

Relatedness X Pre-Novelty (H4)       .014  .030  .026  

          (.016)  (.022)  (.032)  

Relatedness X Pre-Variety (H5)       .051**  .079**  .099**  

       (.018)  (.024)  (.034)  

Time-Varying Artist Controls:             

    Song Count Year (log) -.271***  -.215***  -.133***  -.270***  -.213***  -.131***  

 (.018)  (.024)  (.036)  (.018)  (.024)  (.036)  

    Song Count Total (log) -.255***  -.183**  -.255**  -.263***  -.195**  -.270**  

 (.049)  (.067)  (.093)  (.049)  (.067)  (.093)  

    Prior Hit Count (log) .169*  .197  .334*  .172*  .199  .334*  

 (.079)  (.104)  (.146)  (.079)  (.104)  (.147)  

    Prior Hit Weeks (log) .786***  .838***  .804***  .785***  .838***  .804***  

 (.071)  (.096)  (.138)  (.071)  (.096)  (.139)  

    Career Age -2.130***  -2.464***  -2.622***  -2.122***  -2.449***  -2.602***  

 (.137)  (.177)  (.247)  (.137)  (.177)  (.247)  

    Years Since Last Song -.004  .156  .132  -.007  .153  .129  

 (.063)  (.087)  (.139)  (.063)  (.087)  (.139)  

Static Artist Controls:             

    Soloist (vs. Group) .157*  .158  .225*  .158*  .159  .226*  

 (.064)  (.083)  (.105)  (.064)  (.083)  (.105)  

    Prior Hit(s) w/ Group .238**  .324**  .215  .236**  .321**  .211  

 (.080)  (.102)  (.125)  (.080)  (.102)  (.125)  

    Self-Write % -.125***  -.171***  -.078  -.127***  -.174***  -.081  

 (.035)  (.046)  (.060)  (.035)  (.046)  (.060)  

    Self-Produce % .157***  .218***  .186***  .159***  .221***  .189***  

 (.031)  (.041)  (.052)  (.031)  (.041)  (.053)  

    Career Age at 1st Hit .570***  .600***  .571***  .568***  .598***  .568***  

 (.057)  (.075)  (.105)  (.057)  (.075)  (.105)  

    Year of 1st Hit -.451***  -.488**  -.591**  -.450***  -.486**  -.588**  

 (.134)  (.167)  (.225)  (.134)  (.167)  (.225)  

Song Controls:             

    # of Artists on Song (log) -.026  .010  .102***  -.026  .010  .102***  

 (.018)  (.023)  (.029)  (.018)  (.023)  (.029)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept -5.051***  -6.001***  -7.037***  -5.040***  -5.982***  -7.016***  

 (.210)  (.263)  (.362)  (.210)  (.263)  (.363)  

Random Intercept (Artist) .503***  .676***  .550***  .502***  .671***  .551***  

 (.052)  (.082)  (.099)  (.052)  (.082)  (.099)  

Random Intercept (Label) .424***  .521***  .633***  .424***  .520***  .631***  

 (.045)  (.066)  (.107)  (.045)  (.066)  (.107)  

Observations (Songs) 140,493  139,689a 
 
139,283a,b  140,493  139,689a 

 
139,283a,b 

 

Artists 2,776  2,776  2,776  2,776  2,776  2,776  

Labels 4,560  4,534  4,516  4,560  4,534  4,516  

Log-Likelihood -22,217  -13,775  -6,871  -22,212  -13,767  -6,866  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 
a No songs from the “Classical” genre made the top 40, omitting 804 songs from Models 2, 3, 5, and 6. 

b No songs from the “Children” genre made the top 10, omitting 406 songs from Models 3 and 6. 
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Table C12. Logistic Regression Models (Sustained Success; H1-H5): Only Artists Who 

Wrote and Produced 50% (or More) of Their Songs. 

 

 

 

 

 

 

 

 

 

 

 

 

  

 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness (H1) .264***  .263***  .232***  .261***  .254***  .217***  

 (.021)  (.028)  (.040)  (.021)  (.028)  (.040)  

Pre-Novelty (H2) .152***  .193***  .196***  .151***  .189***  .192**  

 (.034)  (.045)  (.058)  (.034)  (.045)  (.058)  

Pre-Variety (H3) .094*  .118*  .180**  .095*  .120*  .182**  

 (.039)  (.051)  (.063)  (.039)  (.051)  (.063)  

Relatedness X Pre-Novelty (H4)       .007  .020  .026  

          (.020)  (.026)  (.038)  

Relatedness X Pre-Variety (H5)       .044*  .072**  .074*  

       (.019)  (.025)  (.036)  

Time-Varying Artist Controls:             

    Song Count Year (log) -.273***  -.212***  -.114**  -.272***  -.210***  -.112**  

 (.021)  (.028)  (.041)  (.021)  (.028)  (.041)  

    Song Count Total (log) -.274***  -.179*  -.296**  -.281***  -.191*  -.310**  

 (.059)  (.080)  (.108)  (.059)  (.080)  (.108)  

    Prior Hit Count (log) .134  .056  .047  .136  .056  .046  

 (.094)  (.122)  (.168)  (.094)  (.122)  (.168)  

    Prior Hit Weeks (log) .732***  .875***  1.041***  .731***  .877***  1.045***  

 (.084)  (.114)  (.165)  (.084)  (.114)  (.166)  

    Career Age -1.372***  -1.920***  -4.943  -1.375***  -1.923***  -4.911  

 (.278)  (.302)  (4.665)  (.278)  (.302)  (4.665)  

    Years Since Last Song .049  .192  .069  .047  .190  .069  

 (.072)  (.099)  (.162)  (.072)  (.099)  (.162)  

Static Artist Controls:             

    Soloist (vs. Group) -.077  -.024  .065  -.076  -.023  .065  

 (.086)  (.112)  (.140)  (.086)  (.112)  (.140)  

    Prior Hit(s) w/ Group .449***  .527***  .403**  .448***  .526***  .402**  

 (.100)  (.127)  (.151)  (.100)  (.127)  (.151)  

    Self-Write % -.258**  -.329**  -.417**  -.263**  -.334**  -.421**  

 (.097)  (.125)  (.151)  (.097)  (.125)  (.151)  

    Self-Produce % .042  .090  -.006  .048  .101  .003  

 (.076)  (.100)  (.124)  (.077)  (.100)  (.124)  

    Career Age at 1st Hit .263**  .342**  1.243  .266**  .347**  1.239  

 (.097)  (.112)  (1.452)  (.097)  (.112)  (1.452)  

    Year of 1st Hit .140  -.178  -3.582  .130  -.193  -3.563  

 (.294)  (.307)  (5.127)  (.294)  (.308)  (5.127)  

Song Controls:             

    # of Artists on Song (log) -.062**  -.044  .054  -.062**  -.045  .053  

 (.020)  (.026)  (.032)  (.020)  (.026)  (.032)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept -5.495***  -6.329***  -2.638  -5.471***  -6.294***  -2.647  

 (.462)  (.494)  (7.598)  (.462)  (.495)  (7.598)  

Random Intercept (Artist) .576***  .796***  .631***  .575***  .798***  .633***  

 (.070)  (.112)  (.121)  (.070)  (.112)  (.122)  

Random Intercept (Label) .417***  .494***  .649***  .417***  .493***  .648***  

 (.052)  (.076)  (.123)  (.052)  (.076)  (.123)  

Observations (Songs) 97,572  97,511a 
 
97,212a,b  97,572  97,511a 

 
97,212a,b 

 

Artists 1,626  1,625  1,622  1,626  1,625  1,622  

Labels 3,315  3,307  3,287  3,315  3,307  3,287  

Log-Likelihood -16,189  -10,221  -5,321  -16,186  -10,216  -5,318  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 
a No songs from 1962 made the top 40, omitting 61 songs from Models 2, 3, 5, and 6. 

b No songs from the “Children” genre or 1960 and 1961 made the top 10, omitting 299 songs from Models 3 and 6. 
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Table C13. Logistic Regression Models (Sustained Success; H1-H5): Only Artists Scored on 

12 (Median) or More Songs Before Initial Success. 

 

 

 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness (H1) .250***  .267***  .243***  .226***  .239***  .205***  

 (.018)  (.024)  (.036)  (.019)  (.026)  (.039)  

Pre-Novelty (H2) .140***  .212***  .223***  .135***  .204***  .214***  

 (.029)  (.039)  (.051)  (.029)  (.039)  (.052)  

Pre-Variety (H3) .090*  .089  .171*  .094*  .092  .176**  

 (.042)  (.054)  (.067)  (.042)  (.054)  (.068)  

Relatedness X Pre-Novelty (H4)       .024  .035  .047  

          (.018)  (.024)  (.037)  

Relatedness X Pre-Variety (H5)       .081**  .077*  .103  

       (.027)  (.037)  (.054)  

Time-Varying Artist Controls:             

    Song Count Year (log) -.249***  -.167***  -.052  -.249***  -.167***  -.052  

 (.017)  (.023)  (.035)  (.017)  (.023)  (.035)  

    Song Count Total (log) -.342***  -.331***  -.482***  -.342***  -.331***  -.482***  

 (.048)  (.065)  (.090)  (.048)  (.065)  (.090)  

    Prior Hit Count (log) -.056  -.130  -.161  -.055  -.130  -.162  

 (.075)  (.099)  (.144)  (.075)  (.099)  (.144)  

    Prior Hit Weeks (log) .986***  1.107***  1.312***  .985***  1.107***  1.312***  

 (.071)  (.098)  (.147)  (.071)  (.098)  (.147)  

    Career Age -1.963***  -2.227***  -2.057***  -1.966***  -2.231***  -2.065***  

 (.106)  (.142)  (.218)  (.106)  (.142)  (.218)  

    Years Since Last Song -.023  .020  -.068  -.022  .020  -.067  

 (.063)  (.092)  (.146)  (.063)  (.092)  (.146)  

Static Artist Controls:             

    Soloist (vs. Group) .194**  .287***  .254*  .193**  .286***  .253*  

 (.062)  (.080)  (.103)  (.061)  (.080)  (.103)  

    Prior Hit(s) w/ Group .219**  .248*  .167  .218**  .247*  .167  

 (.078)  (.098)  (.120)  (.077)  (.098)  (.121)  

    Self-Write % -.138***  -.119**  -.006  -.139***  -.120**  -.008  

 (.035)  (.046)  (.060)  (.035)  (.046)  (.060)  

    Self-Produce % .177***  .236***  .201***  .180***  .238***  .204***  

 (.031)  (.040)  (.052)  (.031)  (.040)  (.052)  

    Career Age at 1st Hit .548***  .570***  .522***  .547***  .570***  .522***  

 (.045)  (.061)  (.088)  (.045)  (.061)  (.088)  

    Year of 1st Hit -.566***  -.700***  -.749***  -.567***  -.701***  -.756***  

 (.095)  (.121)  (.194)  (.095)  (.121)  (.194)  

Song Controls:             

    # of Artists on Song (log) -.025  -.001  .096***  -.026  -.001  .096***  

 (.017)  (.022)  (.028)  (.017)  (.022)  (.028)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept -4.895***  -6.008***  -7.448***  -4.870***  -5.981***  -7.405***  

 (.161)  (.211)  (.340)  (.161)  (.211)  (.340)  

Random Intercept (Artist) .485***  .654***  .579***  .482***  .652***  .582***  

 (.048)  (.076)  (.094)  (.048)  (.076)  (.094)  

Random Intercept (Label) .452***  .521***  .501***  .453***  .521***  .499***  

 (.043)  (.063)  (.093)  (.043)  (.063)  (.093)  

Observations (Songs) 164,781  164,781 
 

164,342a  164,781  164,781 
 

164,342a 
 

Artists 2,564  2,564  2,564  2,564  2,564  2,564  

Labels 5,130  5,130  5,116  5,130  5,130  5,116  

Log-Likelihood -26,375  -15,991  -7,824  -26,369  -15,987  -7,821  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 
a No songs from the “Children” genre made the top 10, omitting 439 songs from Models 3 and 6. 

 



Online Appendix 38 

  

 Career Start Years 1968-2000  Self-Write & Produce at Least 50%  Only Artists Scored on 12+ Songs  

 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  Model 7  Model 8  Model 9  

DV (Artist Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Novelty [X Time] (H6) -.066***  -.074***  -.078***  -.067***  -.077***  -.078***  -.076***  -.089***  -.093***  

 (.006)  (.008)  (.012)  (.007)  (.010)  (.015)  (.006)  (.008)  (.012)  

Variety [X Time] (H7) .023***  .040***  .067***  .034***  .045***  .065***  .039***  .041***  .051***  

 (.007)  (.009)  (.013)  (.009)  (.011)  (.015)  (.007)  (.010)  (.014)  

                   

Time-Varying Artist Controls:                   

    Song Count Year (log) [X Time] .087***  .104***  .114***  .089***  .113***  .100***  .077***  .104***  .116***  

 (.007)  (.010)  (.016)  (.009)  (.013)  (.018)  (.006)  (.009)  (.012)  

    Song Count Total (log) [X Time] .079***  .060***  .037  .061***  .018  .014  .130***  .119***  .108***  

 (.010)  (.015)  (.022)  (.013)  (.018)  (.025)  (.009)  (.014)  (.019)  

    Mean # of Artists on Songs (log) [X Time] -.330***  -.294***  -.270***  -.427***  -.358***  -.316***  -.283***  -.265***  -.286***  

 (.023)  (.029)  (.042)  (.037)  (.045)  (.058)  (.022)  (.029)  (.044)  

Static Artist Controls:                   

    Soloist (vs. Group) .368***  .350***  .315***  -.316***  -.229*  -.239  .510***  .468***  .459***  

 (.047)  (.064)  (.095)  (.067)  (.090)  (.132)  (.052)  (.068)  (.094)  

    Prior Hit(s) w/ Group .720***  .677***  .781***  1.093***  1.011***  1.159***  .686***  .703***  .735***  

 (.063)  (.084)  (.117)  (.084)  (.111)  (.155)  (.070)  (.089)  (.122)  

    Self-Write % -.218***  -.228***  -.218***  -.962***  -.984***  -.959***  -.203***  -.210***  -.185***  

 (.017)  (.024)  (.035)  (.053)  (.070)  (.101)  (.019)  (.025)  (.035)  

    Self-Produce % -.447***  -.412***  -.394***  -1.034***  -1.175***  -1.292***  -.531***  -.500***  -.526***  

 (.020)  (.027)  (.040)  (.058)  (.077)  (.111)  (.022)  (.029)  (.042)  

    Career Start Year Dummies YES  YES  YES  YES  YES  YES  YES  YES  YES  

    Genre Dummies YES  YES  YES  YES  YES  YES  YES  YES  YES  

                   

Observations (Artist Release Years)a 254,763  254,763  254,763  283,827  283,827  283,827  298,247  298,247  298,247  

Total Career Years Under Observation 706,705  706,705  706,705  868,081  868,081  868,081  810,266  810,266  810,266  

Artists 48,906  48,906  48,906  54,319  54,319  54,319  43,153  43,153  43,153  

Labels 11,814  11,814  11,814  12,853  12,853  12,853  12,439  12,439  12,439  

                   

Log-Likelihood -14,300  -7,764  -3,626  -7,353  -4,055  -1,920  -11,779  -6,898  -3,537  

                   

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 

All models were stratified by label. Artists’ labels and genre dummies were determined on a rolling basis, based on the songs released by the artist up through each year 

(artists’ highest-ranking label through each year was used—see Measures section of main paper for ranking criteria). 
a The observations in all models include each year artists released one or more songs, from their first career year through the year of their first hit (if any). 

Table C14. Cox Regression Models (Initial Success; H6 & H7): New Artists’ Likelihood of Initial Success. 
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 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness (H1) .008***  .004***  .002***  .008***  .004***  .002***  

 (.001)  (.000)  (.000)  (.001)  (.000)  (.000)  

Pre-Novelty (H2) .005***  .003***  .001**  .005***  .003***  .001**  

 (.001)  (.001)  (.000)  (.001)  (.001)  (.000)  

Pre-Variety (H3) .003*  .002**  .002***  .003*  .003**  .002***  

 (.001)  (.001)  (.000)  (.001)  (.001)  (.000)  

Relatedness X Pre-Novelty (H4)       .001  .001*  .000  

          (.001)  (.000)  (.000)  

Relatedness X Pre-Variety (H5)       .002**  .001***  .001**  

       (.001)  (.000)  (.000)  

Time-Varying Artist Controls:             

    Song Count Year (log) -.010***  -.003***  .000  -.010***  -.003***  .000  

 (.001)  (.000)  (.000)  (.001)  (.000)  (.000)  

    Song Count Total (log) -.007***  -.004***  -.003***  -.007***  -.004***  -.003***  

 (.001)  (.001)  (.001)  (.001)  (.001)  (.001)  

    Prior Hit Count (log) -.053***  -.027***  -.008***  -.053***  -.027***  -.008***  

 (.003)  (.002)  (.001)  (.003)  (.002)  (.001)  

    Prior Hit Weeks (log) .052***  .026***  .010***  .052***  .026***  .010***  

 (.002)  (.002)  (.001)  (.002)  (.002)  (.001)  

    Career Age -.026***  -.018***  -.007***  -.027***  -.018***  -.007***  

 (.004)  (.003)  (.002)  (.004)  (.003)  (.002)  

    Years Since Last Song -.001  .000  .000  -.001  .000  .000  

 (.001)  (.001)  (.000)  (.001)  (.001)  (.000)  

Static Artist Controls:             

    Soloist (vs. Group) .010***  .006***  .003**  .010***  .006***  .003**  

 (.003)  (.002)  (.001)  (.003)  (.002)  (.001)  

    Prior Hit(s) w/ Group .011***  .007***  .003*  .011***  .007***  .003*  

 (.003)  (.002)  (.001)  (.003)  (.002)  (.001)  

    Self-Write % -.008***  -.004***  -.001**  -.008***  -.004***  -.001**  

 (.001)  (.001)  (.001)  (.001)  (.001)  (.001)  

    Self-Produce % .008***  .005***  .003***  .008***  .005***  .003***  

 (.001)  (.001)  (.000)  (.001)  (.001)  (.000)  

    Career Age at 1st Hit .004*  .003*  .001  .004*  .003*  .001  

 (.002)  (.001)  (.001)  (.002)  (.001)  (.001)  

    Year of 1st Hit -.024***  -.017***  -.007***  -.024***  -.017***  -.007***  

 (.004)  (.003)  (.002)  (.004)  (.003)  (.002)  

Song Controls:             

    # of Artists on Song (log) -.001*  .000  .001*  -.001*  .000  .001*  

 (.001)  (.000)  (.000)  (.001)  (.000)  (.000)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept .030***  .021***  .007*  .031***  .021***  .007**  

 (.006)  (.004)  (.003)  (.006)  (.004)  (.003)  

Random Intercept (Artist) .003***  .001***  .0002***  .003***  .001***  .0002***  

 (.000)  (.000)  (.000)  (.000)  (.000)  (.000)  

Random Intercept (Label) .001***  .001***  .0002***  .001***  .001***  .0002***  

 (.000)  (.000)  (.000)  (.000)  (.000)  (.000)  

Observations (Songs) 226,191  226,191 
 

226,191  226,191  226,191 
 

226,191 
 

Artists 4,310  4,310  4,310  4,310  4,310  4,310  

Labels 6,575  6,575  6,575  6,575  6,575  6,575  

Log-Likelihood 30,042  97,785  194,058  30,051  97,794  194,064  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized.  

Table C15. Linear Regression Models (Sustained Success; H1-H5): Robustness Check of 

Logistic Regression Results from Main Paper. 
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 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness (H1) .145***  .188***  .217***  .150***  .192***  .218***  

 (.026)  (.031)  (.042)  (.026)  (.031)  (.042)  

Pre-Novelty (H2) .201***  .198***  .180***  .231***  .237***  .229***  

 (.026)  (.031)  (.040)  (.025)  (.030)  (.040)  

Pre-Variety (H3) .217***  .212***  .197***  .255***  .252***  .246***  

 (.026)  (.032)  (.041)  (.025)  (.032)  (.043)  

Relatedness X Pre-Novelty (H4)       -.042  -.053  -.081  

          (.026)  (.033)  (.044)  

Relatedness X Pre-Variety (H5)       .101***  .120***  .127***  

       (.020)  (.025)  (.034)  

Time-Varying Artist Controls:             

    Song Count Year (log) .969***  1.133***  1.325***  .981***  1.147***  1.343***  

 (.024)  (.034)  (.053)  (.024)  (.034)  (.052)  

    Song Count Total (log) -1.248***  -1.359***  -1.489***  -1.280***  -1.397***  -1.531***  

 (.045)  (.053)  (.066)  (.043)  (.051)  (.065)  

    Prior Hit Count (log) -.973***  -1.288***  -1.306***  -.966***  -1.283***  -1.300***  

 (.088)  (.114)  (.159)  (.089)  (.114)  (.159)  

    Prior Hit Weeks (log) 1.988***  2.519***  2.620***  1.987***  2.522***  2.625***  

 (.099)  (.130)  (.188)  (.099)  (.130)  (.188)  

Static Artist Controls:             

    Soloist (vs. Group) .050  -.003  .020  .058  .010  .038  

 (.052)  (.061)  (.080)  (.052)  (.061)  (.080)  

    Prior Hit(s) w/ Group -.045  .037  .004  -.043  .037  -.002  

 (.070)  (.084)  (.112)  (.069)  (.082)  (.110)  

    Self-Write % .121***  .145***  .254***  .118***  .143**  .254***  

 (.035)  (.044)  (.056)  (.035)  (.044)  (.056)  

    Self-Produce % .132***  .131***  .107*  .141***  .143***  .121*  

 (.031)  (.038)  (.047)  (.031)  (.038)  (.048)  

    Career Age at 1st Hit .309***  .278***  .243***  .311***  .282***  .248***  

 (.028)  (.033)  (.043)  (.028)  (.033)  (.042)  

Song Controls:             

    # of Artists on Songs (log)a -.023  .013  .141***  -.023  .013  .142***  

 (.023)  (.028)  (.035)  (.023)  (.028)  (.035)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

             

Observations (Artist Release Years)b 30,399  30,399  30,399  30,399  30,399  30,399  

Total Career Years Under Observation 394,094  394,094  394,094  394,094  394,094  394,094  

Artists 4,310  4,310  4,310  4,310  4,310  4,310  

Labels 493  493  493  493  493  493  

Log-Likelihood -33,489  -19,079  -9,502  -33,458  -19,056  -9,329  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 

All models were stratified by label. Artists’ labels and genre dummies were determined on a rolling basis, based on the songs 

released by the artist up through each year (artists’ highest-ranking label through each year was used). 
aThis variable was the average number of artists on all songs released by an artist in a given year. 
bThe observations in all models include each year artists released one or more songs after their first hit year. 

 

 

Table C16. Cox Regression Models with Regular Covariates (Sustained Success; H1-H5): 

Robustness Check of Logistic Regression Results from Main Paper. 
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 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness [X Time] (H1) .031***  .041***  .048***  .030***  .039***  .045***  

 (.005)  (.006)  (.008)  (.005)  (.006)  (.008)  

Pre-Novelty [X Time] (H2) .013***  .012*  .009  .019***  .021***  .020**  

 (.004)  (.005)  (.006)  (.004)  (.004)  (.006)  

Pre-Variety [X Time] (H3) .025***  .027***  .027***  .027***  .031***  .034***  

 (.004)  (.005)  (.007)  (.004)  (.005)  (.007)  

Related. X Pre-Novelty [X Time] (H4)       -.004  -.004  -.010  

          (.004)  (.005)  (.007)  

Related. X Pre-Variety [X Time] (H5)       .012***  .017***  .017**  

       (.003)  (.004)  (.006)  

Time-Varying Artist Controls:             

    Song Count Year (log) [X Time] .077***  .094***  .113***  .078***  .097***  .116***  

 (.004)  (.006)  (.010)  (.004)  (.006)  (.010)  

    Song Count Total (log) [X Time] -.094***  -.113***  -.131***  -.098***  -.119***  -.139***  

 (.007)  (.009)  (.012)  (.007)  (.009)  (.012)  

    Prior Hit Count (log) [X Time] -.135***  -.164***  -.145***  -.136***  -.166***  -.148***  

 (.012)  (.015)  (.022)  (.012)  (.015)  (.021)  

    Prior Hit Weeks (log) [X Time] .287***  .344***  .328***  .290***  .350***  .335***  

 (.015)  (.020)  (.027)  (.015)  (.020)  (.028)  

Static Artist Controls:             

    Soloist (vs. Group) .126*  .070  .088  .134*  .082  .104  

 (.052)  (.063)  (.084)  (.052)  (.063)  (.084)  

    Prior Hit(s) w/ Group -.023  .058  .039  -.021  .061  .036  

 (.069)  (.085)  (.117)  (.068)  (.084)  (.115)  

    Self-Write % .126***  .153***  .269***  .124***  .150***  .268***  

 (.035)  (.044)  (.057)  (.035)  (.044)  (.057)  

    Self-Produce % .142***  .152***  .138**  .150***  .162***  .149**  

 (.030)  (.037)  (.048)  (.030)  (.037)  (.047)  

    Career Age at 1st Hit .216***  .185***  .134**  .216***  .184***  .135**  

 (.027)  (.033)  (.045)  (.026)  (.033)  (.045)  

Song Controls:             

    # of Artists on Songs (log)a [X Time] .000  .001  .015***  .000  .002  .016***  

 (.003)  (.004)  (.004)  (.003)  (.004)  (.004)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

             

Observations (Artist Release Years)b 30,399  30,399  30,399  30,399  30,399  30,399  

Total Career Years Under Observation 394,094  394,094  394,094  394,094  394,094  394,094  

Artists 4,310  4,310  4,310  4,310  4,310  4,310  

Labels 493  493  493  493  493  493  

Log-Likelihood -34,660  -19,977  -9,749  -34,637  -19,954  -9,708  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 

All models were stratified by label. Artists’ labels and genre dummies were determined on a rolling basis, based on the songs 

released by the artist up through each year (artists’ highest-ranking label through each year was used). 
aThis variable was the average number of artists on all songs released by an artist in a given year. 
bThe observations in all models include each year artists released one or more songs after their first hit year. 

 

 

Table C17. Cox Regression Models with Time-Varying Covariates (Sustained Success; 

H1-H5): Robustness Check of Logistic Regression Results from Main Paper. 
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 Without Career Age Control  With Career Age Control  

 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Artist Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Novelty (H6) -.755***  -.701***  -.703***  -.319***  -.329***  -.368***  

 (.032)  (.040)  (.054)  (.041)  (.049)  (.066)  

Variety (H7) .267***  .379***  .470***  .070*  .193***  .288***  

 (.027)  (.031)  (.042)  (.029)  (.033)  (.043)  

             

Controls (All at Artist Level):             

    Song Count Total (log) -.460***  -.367***  -.282***  .805***  .746***  .813***  

 (.031)  (.037)  (.050)  (.043)  (.050)  (.068)  

    Mean # of Artists on Songs (log) -2.956***  -2.317***  -2.262***  -1.954***  -1.307***  -1.187***  

 (.088)  (.105)  (.151)  (.082)  (.091)  (.127)  

    Overall Career Age (at 1st Hit, if any)       -3.981***  -4.013***  -4.075***  

       (.109)  (.145)  (.203)  

    Soloist (vs. Group) .956***  .574***  .476***  1.096***  .646***  .551***  

 (.051)  (.058)  (.078)  (.056)  (.060)  (.079)  

    Prior Hit(s) w/ Group 1.628***  1.044***  .978***  2.067***  1.050***  .923***  

 (.088)  (.091)  (.112)  (.112)  (.100)  (.118)  

    Self-Write % -.557***  -.368***  -.309***  -.579***  -.323***  -.251***  

 (.020)  (.023)  (.031)  (.023)  (.025)  (.033)  

    Self-Produce % -.653***  -.447***  -.381***  -.584***  -.338***  -.256***  

 (.023)  (.027)  (.037)  (.025)  (.028)  (.038)  

    Career Start Year Dummies YES  YES  YES  YES  YES  YES  

    Genre Dummies YES  YES  YES  YES  YES  YES  

             

Fixed Intercept -6.725***  -6.528***  -7.240***  -10.121***  -9.918***  -10.701***  

 (.291)  (.326)  (.430)  (.321)  (.357)  (.475)  

Random Intercept (Label) 1.714***  1.474***  1.249***  1.870***  1.322***  1.050*** 
 

 (.150)  (.168)  (.190)  (.174)  (.164)  (.179)  

Observations (Artists) 69,050  69,050  69,050  69,050  69,050 
 

69,050 
 

Labels 5,516  5,516  5,516  5,516  5,516  5,516  

Log-Likelihood -9,161  -6,882  -4,148  -7,200  -5,804  -3,592  

Notes: *p < .05, ** p < .01, *** p < .001 

Standard errors in parentheses. All continuous variables were standardized. 

Table C18. Logistic Regression Models (Initial Success; H6 & H7): Robustness 

Check of Cox Regression Results from Main Paper. 
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 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6b  

DV (Number of Weeks): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness (H1) .304***  .352***  .307***  .311***  .356***  .286***  

 (.025)  (.035)  (.052)  (.025)  (.035)  (.050)  

Pre-Novelty (H2) .211***  .306***  .363***  .210***  .301***  .335***  

 (.044)  (.060)  (.076)  (.044)  (.060)  (.072)  

Pre-Variety (H3) .107*  .133*  .223**  .118*  .139*  .221**  

 (.048)  (.065)  (.080)  (.048)  (.065)  (.077)  

Relatedness X Pre-Novelty (H4)       .004  .022  .048  

          (.024)  (.034)  (.047)  

Relatedness X Pre-Variety (H5)       .081***  .076*  .088*  

       (.022)  (.032)  (.045)  

Time-Varying Artist Controls:             

    Song Count Year (log) -.281***  -.198***  -.054  -.279***  -.197***  -.065  

 (.028)  (.039)  (.055)  (.028)  (.039)  (.051)  

    Song Count Total (log) -.621***  -.533***  -.770***  -.629***  -.537***  -.674***  

 (.068)  (.097)  (.129)  (.068)  (.097)  (.121)  

    Prior Hit Count (log) .462***  .297*  .349  .468***  .298*  .262  

 (.105)  (.146)  (.198)  (.105)  (.146)  (.184)  

    Prior Hit Weeks (log) .926***  1.152***  1.331***  .923***  1.151***  1.211***  

 (.094)  (.133)  (.184)  (.094)  (.133)  (.169)  

    Career Age -3.409***  -3.952***  -3.696***  -3.412***  -3.954***  -3.249***  

 (.149)  (.208)  (.286)  (.148)  (.207)  (.261)  

    Years Since Last Song -.088  -.137  -.261  -.088  -.135  -.290  

 (.074)  (.121)  (.192)  (.074)  (.121)  (.174)  

Static Artist Controls:             

    Soloist (vs. Group) .142  .363**  .468**  .147  .363**  .361*  

 (.099)  (.134)  (.163)  (.099)  (.134)  (.156)  

    Prior Hit(s) w/ Group .469***  .571***  .479*  .466***  .572***  .537**  

 (.127)  (.169)  (.201)  (.127)  (.169)  (.195)  

    Self-Write % -.237***  -.288***  -.191*  -.243***  -.293***  -.199*  

 (.056)  (.076)  (.094)  (.056)  (.076)  (.090)  

    Self-Produce % .303***  .425***  .380***  .306***  .428***  .358***  

 (.051)  (.069)  (.085)  (.051)  (.069)  (.081)  

    Career Age at 1st Hit .930***  .970***  .921***  .930***  .968***  .765***  

 (.069)  (.098)  (.128)  (.069)  (.097)  (.121)  

    Year of 1st Hit -.920***  -1.270***  -1.290***  -.926***  -1.274***  -1.176***  

 (.134)  (.181)  (.242)  (.134)  (.180)  (.231)  

Song Controls:             

    # of Artists on Song (log) -.033  .001  .192***  -.033  -.001  .184***  

 (.026)  (.037)  (.049)  (.026)  (.037)  (.045)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept -4.975***  -6.708***  -8.366***  -4.952***  -6.678***  -7.400***  

 (.234)  (.325)  (.462)  (.234)  (.324)  (.422)  

Random Intercept (Artist) 2.269***  3.605***  3.185***  2.265***  3.604***  4.615***  

 (.185)  (.344)  (.411)  (.184)  (.344)  (.383)  

Random Intercept (Label) 2.661***  3.285***  2.884***  2.659***  3.280***  n/a  

 (.162)  (.253)  (.342)  (.162)  (.253)  n/a  

Observations (Songs) 226,191  226,191 
 

225,525a  226,191  226,191 
 

225,525a 
 

Artists 4,310  4,310  4,309  4,310  4,310  4,309  

Labels 6,575  6,575  6,553  6,575  6,575  n/a  

Log-Likelihood -85,037  -46,167  -19,449  -85,031  -46,164  -19,514  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 
a No songs from the “Children” genre made the top 10, omitting 666 songs from Models 3 and 6. 
b Model 6 did not include a random intercept for label because the model would not converge with both random intercepts 

included. 

 

Table C19. Negative Binomial Regression Models (Sustained Success; H1-H5): Number 

of Weeks on the Hot 100 as the Dependent Variable. 
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 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Number of Weeks): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness (H1) .099***  .042***  .011***  .102***  .044***  .011***  

 (.008)  (.005)  (.002)  (.008)  (.005)  (.002)  

Pre-Novelty (H2) .095***  .050***  .014***  .094***  .050***  .013***  

 (.016)  (.009)  (.003)  (.016)  (.009)  (.003)  

Pre-Variety (H3) .043*  .029**  .014***  .047**  .032***  .015***  

 (.018)  (.009)  (.003)  (.018)  (.009)  (.003)  

Relatedness X Pre-Novelty (H4)       .015  .007  .003  

          (.007)  (.005)  (.002)  

Relatedness X Pre-Variety (H5)       .023***  .014**  .005**  

       (.007)  (.004)  (.002)  

Time-Varying Artist Controls:             

    Song Count Year (log) -.115***  -.029***  -.001  -.115***  -.028***  -.001  

 (.009)  (.005)  (.002)  (.009)  (.005)  (.002)  

    Song Count Total (log) -.087***  -.046***  -.024***  -.088***  -.047***  -.025***  

 (.021)  (.012)  (.004)  (.021)  (.012)  (.004)  

    Prior Hit Count (log) -.625***  -.277***  -.051***  -.624***  -.276***  -.051***  

 (.038)  (.021)  (.008)  (.038)  (.021)  (.008)  

    Prior Hit Weeks (log) .532***  .251***  .065***  .531***  .250***  .064***  

 (.036)  (.020)  (.007)  (.036)  (.020)  (.007)  

    Career Age -.246***  -.164***  -.045***  -.247***  -.164***  -.045***  

 (.051)  (.031)  (.012)  (.051)  (.031)  (.012)  

    Years Since Last Song -.016  -.004  -.002  -.017  -.004  -.002  

 (.010)  (.006)  (.002)  (.010)  (.006)  (.002)  

Static Artist Controls:             

    Soloist (vs. Group) .148***  .073***  .021**  .150***  .074***  .022**  

 (.038)  (.020)  (.007)  (.038)  (.020)  (.007)  

    Prior Hit(s) w/ Group .146**  .070**  .018*  .146**  .070**  .018*  

 (.051)  (.027)  (.009)  (.051)  (.027)  (.009)  

    Self-Write % -.125***  -.047***  -.011**  -.126***  -.048***  -.012**  

 (.021)  (.011)  (.004)  (.021)  (.011)  (.004)  

    Self-Produce % .117***  .059***  .019***  .118***  .060***  .019***  

 (.019)  (.010)  (.004)  (.019)  (.010)  (.004)  

    Career Age at 1st Hit -.012  .011  .006  -.012  .011  .006  

 (.025)  (.014)  (.005)  (.025)  (.014)  (.005)  

    Year of 1st Hit -.133*  -.142***  -.045***  -.135*  -.143***  -.045***  

 (.056)  (.033)  (.013)  (.056)  (.033)  (.014)  

Song Controls:             

    # of Artists on Song (log) -.013  .001  .008***  -.013  .001  .008***  

 (.008)  (.005)  (.002)  (.008)  (.005)  (.002)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept .134  .147**  .049*  .143  .152**  .050*  

 (.089)  (.053)  (.022)  (.089)  (.053)  (.022)  

Random Intercept (Artist) .637***  .152***  .013***  .636***  .152***  .013***  

 (.029)  (.007)  (.001)  (.029)  (.007)  (.001)  

Random Intercept (Label) .287***  .078***  .009***  .286***  .078***  .009***  

 (.014)  (.004)  (.001)  (.014)  (.004)  (.001)  

Observations (Songs) 226,191  226,191 
 

226,191  226,191  226,191 
 

226,191 
 

Artists 4,310  4,310  4,310  4,310  4,310  4,310  

Labels 6,575  6,575  6,575  6,575  6,575  6,575  

Log-Likelihood -577,514  -468,536  -273,794  -577,505  -468,529  -273,788  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 

 

 

Table C20. Linear Regression Models (Sustained Success; H1-H5): Number of Weeks 

on the Hot 100 as the Dependent Variable. 

 



Online Appendix 45 

  

 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Number of Weeks, Logged): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness (H1) .019***  .010***  .003***  .020***  .010***  .003***  

 (.001)  (.001)  (.001)  (.001)  (.001)  (.001)  

Pre-Novelty (H2) .014***  .008***  .003***  .014***  .008***  .003***  

 (.003)  (.002)  (.001)  (.003)  (.002)  (.001)  

Pre-Variety (H3) .008*  .006**  .003***  .008**  .006***  .004***  

 (.003)  (.002)  (.001)  (.003)  (.002)  (.001)  

Relatedness X Pre-Novelty (H4)       .003*  .002  .001  

          (.001)  (.001)  (.001)  

Relatedness X Pre-Variety (H5)       .004***  .003***  .001**  

       (.001)  (.001)  (.000)  

Time-Varying Artist Controls:             

    Song Count Year (log) -.024***  -.007***  .000  -.024***  -.007***  .000  

 (.002)  (.001)  (.001)  (.002)  (.001)  (.001)  

    Song Count Total (log) -.014***  -.008***  -.006***  -.015***  -.008***  -.006***  

 (.004)  (.002)  (.001)  (.004)  (.002)  (.001)  

    Prior Hit Count (log) -.136***  -.066***  -.016***  -.136***  -.066***  -.016***  

 (.007)  (.004)  (.002)  (.007)  (.004)  (.002)  

    Prior Hit Weeks (log) .120***  .059***  .018***  .120***  .059***  .018***  

 (.006)  (.004)  (.002)  (.006)  (.004)  (.002)  

    Career Age -.054***  -.039***  -.012***  -.055***  -.039***  -.012***  

 (.009)  (.006)  (.003)  (.009)  (.006)  (.003)  

    Years Since Last Song -.003  .000  .000  -.003  .000  .000  

 (.002)  (.001)  (.001)  (.002)  (.001)  (.001)  

Static Artist Controls:             

    Soloist (vs. Group) .026***  .015***  .006**  .026***  .015***  .006**  

 (.007)  (.004)  (.002)  (.007)  (.004)  (.002)  

    Prior Hit(s) w/ Group .030***  .017**  .005*  .030***  .017**  .005*  

 (.009)  (.005)  (.002)  (.009)  (.005)  (.002)  

    Self-Write % -.021***  -.010***  -.003**  -.022***  -.010***  -.003**  

 (.004)  (.002)  (.001)  (.004)  (.002)  (.001)  

    Self-Produce % .021***  .013***  .005***  .021***  .013***  .005***  

 (.003)  (.002)  (.001)  (.003)  (.002)  (.001)  

    Career Age at 1st Hit .003  .004  .002  .003  .004  .002  

 (.004)  (.003)  (.001)  (.004)  (.003)  (.001)  

    Year of 1st Hit -.043***  -.037***  -.012***  -.044***  -.037***  -.012***  

 (.010)  (.006)  (.003)  (.010)  (.006)  (.003)  

Song Controls:             

    # of Artists on Song (log) -.003*  .000  .002***  -.003*  .000  .002***  

 (.001)  (.001)  (.001)  (.001)  (.001)  (.001)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept .045**  .040***  .012*  .047**  .041***  .013*  

 (.015)  (.010)  (.005)  (.015)  (.010)  (.005)  

Random Intercept (Artist) .020***  .006***  .001***  .020***  .006***  .001***  

 (.001)  (.000)  (.000)  (.001)  (.000)  (.000)  

Random Intercept (Label) .009***  .003***  .001***  .009***  .003***  .001***  

 (.000)  (.000)  (.000)  (.000)  (.000)  (.000)  

Observations (Songs) 226,191  226,191 
 

226,191  226,191  226,191 
 

226,191 
 

Artists 4,310  4,310  4,310  4,310  4,310  4,310  

Labels 6,575  6,575  6,575  6,575  6,575  6,575  

Log-Likelihood -177,877  -93,396  41,749  -177,867  -93,388  41,756  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 

 

 

Table C21. Linear Regression Models (Sustained Success; H1-H5): Number of Weeks 

on the Hot 100 as the Dependent Variable (Logged). 
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 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness (H1) .206***  .211***  .173***  .203***  .208***  .170***  

 (.017)  (.022)  (.033)  (.017)  (.022)  (.033)  

Pre-Novelty (H2) .089**  .134***  .174***  .088**  .129***  .169***  

 (.028)  (.037)  (.050)  (.029)  (.038)  (.050)  

Pre-Variety (H3) .059  .036  .071  .060  .036  .073  

 (.034)  (.044)  (.056)  (.034)  (.044)  (.056)  

Relatedness X Pre-Novelty (H4)       .006  .021  .026  

          (.017)  (.023)  (.035)  

Relatedness X Pre-Variety (H5)       .038*  .033  .027  

       (.018)  (.024)  (.034)  

Time-Varying Artist Controls:             

    Song Count Year (log) -.220***  -.147***  -.043  -.220***  -.147***  -.042  

 (.017)  (.023)  (.035)  (.017)  (.023)  (.035)  

    Song Count Total (log) -.328***  -.321***  -.495***  -.331***  -.323***  -.498***  

 (.044)  (.059)  (.080)  (.044)  (.059)  (.081)  

    Prior Hit Count (log) .050  .092  .184  .050  .091  .183  

 (.072)  (.094)  (.134)  (.072)  (.094)  (.134)  

    Prior Hit Weeks (log) .853***  .919***  .973***  .853***  .919***  .973***  

 (.066)  (.091)  (.132)  (.066)  (.091)  (.132)  

    Career Age -5.896***  -5.762*  -5.443  -5.886***  -5.756*  -5.428  

 (1.738)  (2.390)  (4.211)  (1.738)  (2.391)  (4.211)  

    Years Since Last Song -.053  .085  .062  -.053  .086  .063  

 (.062)  (.086)  (.131)  (.062)  (.086)  (.131)  

Static Artist Controls:             

    Soloist (vs. Group) .129*  .208**  .220*  .130*  .210**  .222*  

 (.061)  (.078)  (.100)  (.061)  (.078)  (.100)  

    Prior Hit(s) w/ Group .252***  .300**  .225*  .252***  .300**  .225*  

 (.075)  (.093)  (.115)  (.075)  (.094)  (.115)  

    Self-Write % -.133***  -.111*  -.019  -.134***  -.112*  -.021  

 (.035)  (.044)  (.058)  (.035)  (.044)  (.058)  

    Self-Produce % .166***  .235***  .199***  .168***  .237***  .201***  

 (.031)  (.039)  (.051)  (.031)  (.039)  (.051)  

    Career Age at 1st Hit 1.790***  1.697*  1.587  1.786**  1.695*  1.582  

 (.541)  (.744)  (1.310)  (.541)  (.744)  (1.310)  

    Year of 1st Hit -4.883*  -4.509  -4.333  -4.874*  -4.505  -4.321  

 (1.910)  (2.628)  (4.628)  (1.910)  (2.628)  (4.629)  

Song Controls:             

    # of Artists on Song (log) -.021  -.013  .075**  -.021  -.013  .075**  

 (.017)  (.022)  (.028)  (.017)  (.022)  (.028)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept 1.685  -.042  -1.777  1.680  -.038  -1.785  

 (2.825)  (3.885)  (6.845)  (2.825)  (3.886)  (6.846)  

Random Intercept (Artist) .502***  .612***  .530***  .502***  .614***  .534***  

 (.051)  (.075)  (.092)  (.051)  (.075)  (.092)  

Random Intercept (Label) .506***  .542***  .530***  .507***  .542***  .529***  

 (.047)  (.065)  (.092)  (.047)  (.065)  (.092)  

Observations (Songs) 169,711  169,711  169,194a  169,711  169,711  169,194a 
 

Artists 3,013  3,013  3,013  3,013  3,013  3,013  

Labels 5,471  5,471  5,455  5,471  5,471  5,455  

Log-Likelihood -25,972  -15,695  -7,790  -25,969  -15,693  -7,789  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 
a No songs from the “Children” genre made the top 10, omitting 517 songs from Models 3 and 6. 

 

Table C22. Logistic Regression Models (Sustained Success; H1-H5): Excluding Artists 

Who Had Hit(s) in Their First Career Year. 
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 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness (H1) .006  .003  .002  .007  .007  .004  

 (.011)  (.015)  (.023)  (.011)  (.015)  (.023)  

Pre-Novelty (H2) .022  .023  .027  .022  .023  .027  

 (.011)  (.015)  (.024)  (.011)  (.015)  (.024)  

Pre-Variety (H3) -.013  -.029  -.020  -.011  -.023  -.016  

 (.012)  (.017)  (.026)  (.012)  (.017)  (.027)  

Relatedness X Pre-Novelty (H4)       .000  .003  .007  

          (.010)  (.014)  (.022)  

Relatedness X Pre-Variety (H5)       .008  .022  .012  

       (.009)  (.013)  (.020)  

Time-Varying Artist Controls:             

    Song Count Year (log) .000  .005  .004  .001  .005  .004  

 (.012)  (.016)  (.025)  (.012)  (.016)  (.025)  

    Song Count Total (log) .022  -.001  -.017  .022  -.002  -.018  

 (.018)  (.024)  (.038)  (.018)  (.024)  (.038)  

    Prior Hit Count (log) -.018  .030  -.033  -.018  .029  -.034  

 (.031)  (.042)  (.067)  (.031)  (.042)  (.067)  

    Prior Hit Weeks (log) .006  -.034  .053  .006  -.034  .053  

 (.029)  (.040)  (.063)  (.029)  (.040)  (.063)  

    Career Age .096  .046  .319  .095  .043  .317  

 (.077)  (.092)  (.234)  (.077)  (.092)  (.234)  

    Years Since Last Song .018  .017  .024  .018  .017  .024  

 (.012)  (.017)  (.025)  (.012)  (.017)  (.025)  

Static Artist Controls:             

    Soloist (vs. Group) -.011  -.033  -.067  -.011  -.032  -.066  

 (.024)  (.034)  (.053)  (.024)  (.034)  (.053)  

    Prior Hit(s) w/ Group -.022  .006  -.012  -.022  .006  -.012  

 (.029)  (.040)  (.063)  (.029)  (.040)  (.063)  

    Self-Write % -.009  -.035  -.028  -.009  -.036  -.028  

 (.014)  (.019)  (.030)  (.014)  (.019)  (.030)  

    Self-Produce % -.002  .005  .011  -.002  .006  .011  

 (.013)  (.017)  (.027)  (.013)  (.017)  (.027)  

    Career Age at 1st Hit -.037  -.017  -.096  -.037  -.016  -.096  

 (.026)  (.033)  (.077)  (.026)  (.033)  (.077)  

    Year of 1st Hit .118  .083  .349  .116  .078  .346  

 (.083)  (.100)  (.256)  (.083)  (.100)  (.256)  

Song Controls:             

    # of Artists on Song (log) -.006  .003  -.025  -.006  .002  -.025  

 (.010)  (.014)  (.024)  (.010)  (.014)  (.024)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept -3.135***  -3.670***  -4.982***  -3.131***  -3.661***  -4.976***  

 (.131)  (.158)  (.397)  (.131)  (.158)  (.397)  

Random Intercept (Artist) .000  .000  .000  .000  .000  .000  

 (.000)  (.000)  (.000)  (.000)  (.000)  (.000)  

Random Intercept (Label)a .000  .000  .000  .000  .000  .000  

 (.000)  (.000)  (.000)  (.000)  (.000)  (.000)  

Observations (Songs) 226,191  226,191  226,191  226,191  226,191 
 

226,191 
 

Artists 4,310  4,310  4,310  4,310  4,310  4,310  

Labels 6,575  6,575  6,575  6,575  6,575  6,575  

Log-Likelihood -42,704  -25,325  -12,193  -42,703  -25,324  -12,192  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 
a The random intercept for label was excluded from Models 2, 3, 5, and 6 because the models would otherwise not converge. 
b No songs from the “Brass/Military” genre made the top 40, omitting 147 songs from Models 2-3 and 131 from Models 5-6. 

Table C23. Logistic Regression Models (Sustained Success; H1-H5): Falsification Tests 

with Hits Randomly Assigned to Songs Released After Artists’ Initial Success. 
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No Artists with Hits in 1st Career Year  

Falsification Test 

(Hits Randomly Assigned) 
 Only Artists’ First Ten Career Years 

 

 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  Model 7  Model 8  Model 9  

DV (Artist Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Novelty [X Time] (H6) -.070***  -.080***  -.082***  -.002  -.001  -.002  -.045***  -.056***  -.065***  

 (.005)  (.007)  (.010)  (.002)  (.002)  (.003)  (.007)  (.010)  (.014)  

Variety [X Time] (H7) .025***  .036***  .055***  -.001  .000  -.001  .020**  .046***  .074***  

 (.005)  (.008)  (.011)  (.001)  (.002)  (.003)  (.007)  (.009)  (.014)  

                   

Time-Varying Artist Controls:                   

    Song Count Year (log) [X Time] .079***  .105***  .111***  .003**  .005**  .008**  .106***  .156***  .196***  

 (.005)  (.008)  (.012)  (.001)  (.002)  (.003)  (.008)  (.012)  (.019)  

    Song Count Total (log) [X Time] .074***  .060***  .055**  -.005*  -.006*  -.005  .068***  .058***  .092***  

 (.008)  (.012)  (.017)  (.002)  (.003)  (.004)  (.012)  (.017)  (.026)  

    Mean # of Artists on Songs (log) [X Time] -.305***  -.265***  -.274***  -.002  -.002  .001  -.411***  -.357***  -.402***  

 (.019)  (.024)  (.036)  (.001)  (.002)  (.002)  (.025)  (.033)  (.053)  

Static Artist Controls:                   

    Soloist (vs. Group) .577***  .518***  .401***  -.139***  -.135*  -.134  .327***  .323***  .325***  

 (.048)  (.066)  (.096)  (.039)  (.055)  (.079)  (.039)  (.053)  (.077)  

    Prior Hit(s) w/ Group .689***  .781***  .937***  -.211*  -.241  -.246  .609***  .598***  .731***  

 (.063)  (.084)  (.116)  (.095)  (.135)  (.193)  (.056)  (.075)  (.103)  

    Self-Write % -.215***  -.213***  -.190***  .036  -.003  -.001  -.249***  -.252***  -.243***  

 (.018)  (.024)  (.035)  (.021)  (.028)  (.041)  (.014)  (.020)  (.028)  

    Self-Produce % -.549***  -.529***  -.517***  -.030  -.046  -.043  -.441***  -.416***  -.409***  

 (.021)  (.029)  (.042)  (.021)  (.029)  (.042)  (.017)  (.023)  (.034)  

    Career Start Year Dummies YES  YES  YES  YES  YES  YES  YES  YES  YES  

    Genre Dummies YES  YES  YES  YES  YES  YES  YES  YES  YES  

                   

Observations (Artist Release Years)a 345,051  345,051  345,051  425,547  425,547  425,547  204,025  204,025  204,025  

Total Career Years Under Observation 1,046,124  1,046,124  1,046,124  1,237,687  1,237,687  1,237,687  333,216  333,216  333,216  

Artists 67,493  67,493  67,493  68,781  68,781  68,781  66,580  66,580  66,580  

Labels 14,863  14,863  14,863  15,100  15,100  15,100  14,476  14,476  14,476  

                   

Log-Likelihood -14,167  -7,596  -3,684  -21,038  -10,783  -5,134  -19,007  -10,481  -5,015  

                   

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 

All models were stratified by label. Artists’ labels and genre dummies were determined on a rolling basis, based on the songs released by the artist up through each year 

(artists’ highest-ranking label through each year was used—see Measures section of main paper for ranking criteria). 
a The observations in all models include each year artists released one or more songs, from their first career year through the year of their first hit (if any). 

Table C24. Cox Regression Models (Initial Success; H6 & H7): New Artists’ Likelihood of Initial Success. 
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 Model 1  Model 2  Model 3   

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10   

Pre-Novelty (H2) .116***  .150***  .192***   

 (.024)  (.031)  (.042)   

Pre-Variety (H3) .008  .010  .043   

 (.025)  (.033)  (.043)   

Post-Novelty -.670***  -.663***  -.658***   

 (.029)  (.040)  (.060)   

Pre-Novelty (H2) X Post-Novelty .039*  .022  .063*   

 (.017)  (.022)  (.031)   

Pre-Variety (H3) X Post-Novelty -.030  -.054*  -.069*   

 (.016)  (.022)  (.030)   

Time-Varying Artist Controls:        

    Song Count Year (log) -.242***  -.158***  -.051   

 (.014)  (.020)  (.030)   

    Song Count Total (log) -.262***  -.220***  -.361***   

 (.037)  (.051)  (.069)   

    Prior Hit Count (log) -.146*  -.206*  -.087   

 (.062)  (.081)  (.115)   

    Prior Hit Weeks (log) .978***  1.080***  1.074***   

 (.057)  (.079)  (.114)   

    Career Age -1.709***  -2.018***  -1.971***   

 (.078)  (.106)  (.158)   

    Years Since Last Song -.108*  -.020  -.082   

 (.052)  (.073)  (.114)   

Static Artist Controls:        

    Soloist (vs. Group) .141**  .182**  .202*   

 (.052)  (.067)  (.086)   

    Prior Hit(s) w/ Group .282***  .360***  .271**   

 (.067)  (.084)  (.104)   

    Self-Write % -.145***  -.159***  -.077   

 (.029)  (.038)  (.050)   

    Self-Produce % .174***  .223***  .220***   

 (.027)  (.034)  (.044)   

    Career Age at 1st Hit .446***  .473***  .474***   

 (.038)  (.050)  (.071)   

    Year of 1st Hit -.316***  -.440***  -.611***   

 (.066)  (.085)  (.131)   

Song Controls:        

    # of Artists on Song (log) -.041**  -.015  .067**   

 (.015)  (.019)  (.025)   

    Genre Dummies YES  YES  YES   

    Release Year Dummies YES  YES  YES   

Fixed Intercept -4.583***  -5.507***  -6.890***   

 (.118)  (.155)  (.250)   

Random Intercept (Artist) .566***  .754***  .707***   

 (.046)  (.071)  (.088)   

Random Intercept (Label) .495***  .545***  .517***   

 (.039)  (.055)  (.080)   

Observations (Songs) 226,191  226,191  225,525a  
 

Artists 4,310  4,310  4,309   

Labels 6,575  6,575  6,553   

Log-Likelihood -36,630  -22,217  -10,942   

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous 

variables were standardized. 
a No songs from the “Children” genre made the top 10, omitting 666 songs from Model 3. 

Table C25. Logistic Regression Models (Sustained Success; H2 & H3): Post-Novelty. 
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 Model 1  Model 2  Model 3   

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10   

Pre-Novelty (H2) .097***  .139***  .167***   

 (.023)  (.031)  (.040)   

Pre-Variety (H3) .041  .036  .066   

 (.024)  (.032)  (.040)   

Post-Variety -.006  .037  .061   

 (.017)  (.022)  (.031)   

Pre-Novelty (H2) X Post-Variety .011  .021  .018   

 (.014)  (.019)  (.027)   

Pre-Variety (H3) X Post-Variety -.043**  -.052**  -.055*   

 (.013)  (.019)  (.026)   

Time-Varying Artist Controls:        

    Song Count Year (log) -.267***  -.167***  -.052   

 (.014)  (.019)  (.030)   

    Song Count Total (log) -.265***  -.246***  -.398***   

 (.037)  (.050)  (.069)   

    Prior Hit Count (log) -.108  -.153  -.020   

 (.060)  (.080)  (.114)   

    Prior Hit Weeks (log) .953***  1.048***  1.032***   

 (.056)  (.077)  (.113)   

    Career Age -1.939***  -2.245***  -2.236***   

 (.076)  (.103)  (.156)   

    Years Since Last Song -.103*  -.031  -.100   

 (.050)  (.072)  (.114)   

Static Artist Controls:        

    Soloist (vs. Group) .156**  .167*  .180*   

 (.050)  (.065)  (.085)   

    Prior Hit(s) w/ Group .286***  .375***  .288**   

 (.065)  (.082)  (.102)   

    Self-Write % -.146***  -.153***  -.077   

 (.028)  (.037)  (.049)   

    Self-Produce % .178***  .219***  .217***   

 (.026)  (.033)  (.044)   

    Career Age at 1st Hit .523***  .563***  .570***   

 (.036)  (.049)  (.070)   

    Year of 1st Hit -.504***  -.633***  -.800***   

 (.064)  (.082)  (.128)   

Song Controls:        

    # of Artists on Song (log) -.027  -.009  .070**   

 (.014)  (.018)  (.024)   

    Genre Dummies YES  YES  YES   

    Release Year Dummies YES  YES  YES   

Fixed Intercept -4.904***  -5.836***  -7.223***   

 (.115)  (.152)  (.247)   

Random Intercept (Artist) .556***  .735***  .700***   

 (.044)  (.068)  (.087)   

Random Intercept (Label) .472***  .507***  .513***   

 (.036)  (.051)  (.078)   

Observations (Songs) 247,897  247,897  247,175a  
 

Artists 4,310  4,310  4,309   

Labels 7,185  7,185  7,161   

Log-Likelihood -38,719  -23,084  -11,250   

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All 

continuous variables were standardized. 
a No songs from the “Children” genre made the top 10, omitting 722 songs from 

Model 3. 

Table C26. Logistic Regression Models (Sustained Success; H2 & H3): Post-Variety. 
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 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness (H1) .205***  .210***  .181***  .206***  .210***  .178***  

 (.016)  (.021)  (.031)  (.016)  (.021)  (.031)  

Pre-Novelty (H2) .145***  .165***  .170***  .143***  .158***  .161***  

 (.028)  (.036)  (.047)  (.028)  (.036)  (.047)  

Pre-Variety (H3) .067*  .084*  .151**  .069*  .086*  .159**  

 (.030)  (.039)  (.050)  (.030)  (.039)  (.051)  

Relatedness X Pre-Novelty (H4)       .008  .032  .048  

          (.016)  (.020)  (.030)  

Relatedness X Pre-Variety (H5)       .031*  .032  .059*  

       (.015)  (.020)  (.030)  

Time-Varying Artist Controls:             

    Song Count Year (log) -.250***  -.168***  -.087**  -.250***  -.167***  -.087*  

 (.017)  (.023)  (.034)  (.017)  (.023)  (.034)  

    Song Count Total (log) -.359***  -.339***  -.394***  -.361***  -.342***  -.399***  

 (.046)  (.061)  (.082)  (.046)  (.061)  (.083)  

    Prior Hit Count (log) -.630***  -.533***  -.349*  -.628***  -.532***  -.348*  

 (.095)  (.119)  (.164)  (.095)  (.120)  (.164)  

    Prior Hit Weeks (log) 1.718***  1.589***  1.500***  1.717***  1.588***  1.498***  

 (.107)  (.138)  (.190)  (.107)  (.138)  (.190)  

    Career Age -1.782***  -2.081***  -2.163***  -1.781***  -2.079***  -2.161***  

 (.088)  (.118)  (.180)  (.088)  (.118)  (.180)  

    Years Since Last Song -.111  -.095  -.138  -.111  -.095  -.137  

 (.061)  (.088)  (.139)  (.061)  (.087)  (.138)  

Static Artist Controls:             

    Soloist (vs. Group) .116  .156*  .225*  .118*  .158*  .228*  

 (.060)  (.077)  (.098)  (.060)  (.077)  (.098)  

    Prior Hit(s) w/ Group .281***  .374***  .231  .282***  .376***  .235  

 (.078)  (.099)  (.121)  (.078)  (.099)  (.121)  

    Self-Write % -.105**  -.124**  -.037  -.107**  -.126**  -.042  

 (.034)  (.044)  (.058)  (.035)  (.044)  (.058)  

    Self-Produce % .109***  .162***  .144**  .110***  .165***  .148**  

 (.031)  (.040)  (.052)  (.031)  (.040)  (.052)  

    Career Age at 1st Hit .457***  .488***  .521***  .456***  .486***  .518***  

 (.045)  (.060)  (.083)  (.045)  (.060)  (.083)  

    Year of 1st Hit -.569***  -.684***  -.785***  -.570***  -.686***  -.789***  

 (.074)  (.094)  (.148)  (.074)  (.094)  (.148)  

Song Controls:             

    # of Artists on Song (log) -.044*  -.024  .050  -.044*  -.024  .049  

 (.017)  (.022)  (.028)  (.017)  (.022)  (.028)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept -5.005***  -5.894***  -7.349***  -4.995***  -5.881***  -7.323***  

 (.136)  (.178)  (.289)  (.136)  (.178)  (.289)  

Random Intercept (Artist) .472***  .676***  .637***  .471***  .675***  .640***  

 (.049)  (.078)  (.099)  (.049)  (.078)  (.099)  

Random Intercept (Label) .447***  .501***  .549***  .448***  .502***  .548***  

 (.043)  (.060)  (.091)  (.043)  (.060)  (.091)  

Observations (Songs) 136,608  136,608 
 

136,118a  136,608  136,608 
 

136,118a 
 

Artists 2,341  2,341  2,341  2,341  2,341  2,341  

Labels 4,381  4,381  4,363  4,381  4,381  4,363  

Log-Likelihood -25,891  -16,462  -8,332  -25,888  -16,459  -8,328  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized.  
a No songs from the “Children” genre made the top 10, omitting 490 songs from Models 3 and 6. 

 

Table C27. Logistic Regression Models (Sustained Success; H1-H5): Only Artists 

Who Had a Top-40 Initial Hit. 
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 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Relatedness (H1) .218***  .228***  .206***  .215***  .222***  .197***  

 (.017)  (.022)  (.033)  (.017)  (.022)  (.033)  

Pre-Novelty (H2) .169***  .185***  .212***  .166***  .180***  .202***  

 (.029)  (.038)  (.049)  (.029)  (.038)  (.049)  

Pre-Variety (H3) .048  .067  .092  .050  .068  .097  

 (.036)  (.046)  (.058)  (.036)  (.047)  (.059)  

Relatedness X Pre-Novelty (H4)       .009  .021  .043  

          (.017)  (.022)  (.033)  

Relatedness X Pre-Variety (H5)       .039*  .057*  .081*  

       (.018)  (.024)  (.035)  

Time-Varying Artist Controls:             

    Song Count Year (log) -.263***  -.186***  -.090**  -.263***  -.186***  -.090**  

 (.017)  (.023)  (.035)  (.017)  (.023)  (.035)  

    Song Count Total (log) -.305***  -.242***  -.355***  -.308***  -.246***  -.359***  

 (.049)  (.066)  (.089)  (.049)  (.066)  (.089)  

    Prior Hit Count (log) -.411***  -.578***  -.500**  -.410***  -.578***  -.503**  

 (.094)  (.120)  (.168)  (.094)  (.120)  (.168)  

    Prior Hit Weeks (log) 1.347***  1.539***  1.612***  1.346***  1.540***  1.615***  

 (.097)  (.129)  (.182)  (.097)  (.129)  (.182)  

    Career Age -1.807***  -2.088***  -2.149***  -1.807***  -2.088***  -2.151***  

 (.093)  (.124)  (.183)  (.093)  (.124)  (.183)  

    Years Since Last Song -.121  -.081  -.120  -.120  -.079  -.116  

 (.065)  (.093)  (.145)  (.065)  (.092)  (.145)  

Static Artist Controls:             

    Soloist (vs. Group) .172**  .254**  .263*  .175**  .258**  .269**  

 (.063)  (.081)  (.103)  (.063)  (.081)  (.103)  

    Prior Hit(s) w/ Group .180*  .218*  .159  .180*  .218*  .160  

 (.082)  (.103)  (.126)  (.082)  (.103)  (.126)  

    Self-Write % -.129***  -.140**  -.083  -.131***  -.143**  -.088  

 (.036)  (.047)  (.060)  (.036)  (.047)  (.060)  

    Self-Produce % .140***  .225***  .223***  .142***  .228***  .228***  

 (.033)  (.042)  (.054)  (.033)  (.042)  (.054)  

    Career Age at 1st Hit .533***  .545***  .611***  .533***  .544***  .610***  

 (.047)  (.062)  (.085)  (.047)  (.062)  (.085)  

    Year of 1st Hit -.532***  -.694***  -.908***  -.533***  -.697***  -.914***  

 (.079)  (.100)  (.151)  (.079)  (.100)  (.151)  

Song Controls:             

    # of Artists on Song (log) -.044*  -.038  .058*  -.044*  -.038  .057*  

 (.018)  (.023)  (.029)  (.018)  (.023)  (.029)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept -4.723***  -5.709***  -7.102***  -4.712***  -5.693***  -7.076***  

 (.140)  (.183)  (.288)  (.140)  (.183)  (.289)  

Random Intercept (Artist) .456***  .660***  .666***  .456***  .660***  .669***  

 (.048)  (.078)  (.101)  (.048)  (.078)  (.101)  

Random Intercept (Label) .440***  .470***  .442***  .440***  .470***  .440***  

 (.044)  (.060)  (.088)  (.044)  (.060)  (.088)  

Observations (Songs) 115,234  115,234 
 

114,981a  115,234  115,234 
 

114,981a 
 

Artists 1,818  1,818  1,818  1,818  1,818  1,818  

Labels 3,754  3,754  3,744  3,754  3,754  3,744  

Log-Likelihood -24,560  -15,563  -7,851  -24,557  -15,559  -7,846  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 
a No songs from the “Children” genre made the top 10, omitting 253 songs from Models 3 and 6. 

 

Table C28. Logistic Regression Models (Sustained Success; H1-H5): Only Artists 

Who Had Two or More Initial Hits. 
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 Model 1  Model 2  Model 3   

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10   

Relatedness (H1) .219***  .226***  .204***   

 (.017)  (.022)  (.033)   

Pre-Novelty (H2) .133***  .148**  .173**   

 (.038)  (.047)  (.058)   

Pre-Variety (H3) .037  .057  .085   

 (.049)  (.061)  (.073)   

One Initial Hit (vs. More) -1.048***  -1.125***  -1.002***   

 (.060)  (.078)  (.096)   

Relatedness (H1) X One Initial Hit (vs. More) -.025  -.043  -.076   

 (.029)  (.039)  (.059)   

Pre-Novelty (H2) X One Initial Hit (vs. More) -.025  .040  .071   

 (.054)  (.071)  (.089)   

Pre-Variety (H3) X One Initial Hit (vs. More) -.113  -.140  -.087   

 (.062)  (.081)  (.100)   

Time-Varying Artist Controls:        

    Song Count Year (log) -.321***  -.246***  -.159***   

 (.014)  (.019)  (.029)   

    Song Count Total (log) .220***  .305***  .237***   

 (.033)  (.045)  (.062)   

    Career Age -1.748***  -2.052***  -2.015***   

 (.080)  (.108)  (.161)   

    Years Since Last Song -.194***  -.123  -.203   

 (.053)  (.074)  (.116)   

Static Artist Controls:        

    Soloist (vs. Group) .160*  .216*  .249*   

 (.066)  (.085)  (.105)   

    Prior Hit(s) w/ Group .364***  .467***  .379**   

 (.087)  (.110)  (.131)   

    Self-Write % -.198***  -.222***  -.141*   

 (.037)  (.048)  (.060)   

    Self-Produce % .215***  .281***  .282***   

 (.034)  (.044)  (.054)   

    Career Age at 1st Hit .214***  .213***  .154*   

 (.042)  (.056)  (.077)   

    Year of 1st Hit -.351***  -.472***  -.655***   

 (.070)  (.090)  (.137)   

Song Controls:        

    # of Artists on Song (log) -.043**  -.016  .066**   

 (.015)  (.019)  (.025)   

    Genre Dummies YES  YES  YES   

    Release Year Dummies YES  YES  YES   

Fixed Intercept -4.532***  -5.498***  -6.921***   

 (.125)  (.166)  (.262)   

Random Intercept (Artist) 1.384***  1.873***  1.828***   

 (.073)  (.118)  (.152)   

Random Intercept (Label) .589***  .635***  .608***   

 (.045)  (.064)  (.095)   

Observations (Songs) 226,191  226,191  225,525a  
 

Artists 4,310  4,310  4,309   

Labels 6,575  6,575  6,553   

Log-Likelihood -37,071  -22,462  -11,109   

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were 

standardized. 
a No songs from the “Children” genre made the top 10, omitting 666 songs from Model 3. 

Table C29. Logistic Regression Models (Sustained Success; H1-H3): One Initial Hit 

(vs. More) Interactions. 
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 Relatedness Without Initial Hits  Relatedness with Initial Hits  

 Model 1  Model 2  Model 3     Model 4  Model 5  Model 6  

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10   Top 100  Top 40  Top 10  

Relatedness (H1) .187***  .188***  .161***  .212***  .209***  .178***  

 (.014)  (.018)  (.027)  (.014)  (.019)  (.028)  

Pre-Novelty (control in these analyses) .109***  .146***  .172***  .109***  .147***  .173***  

 (.024)  (.032)  (.042)  (.024)  (.032)  (.042)  

Pre-Variety (control in these analyses) .102***  .104**  .161***  .105***  .104**  .160***  

 (.028)  (.036)  (.046)  (.028)  (.036)  (.046)  

Relatedness X Pre-Novelty (H4) .010  .029  .019  .016  .031  .020  

    (.013)  (.018)  (.027)  (.014)  (.019)  (.028)  

Relatedness X Pre-Variety (H5) .057***  .063***  .074**  .053***  .070***  .077**  

 (.014)  (.018)  (.027)  (.015)  (.020)  (.029)  

Time-Varying Artist Controls:             

    Song Count Year (log) -.245***  -.162***  -.055  -.245***  -.162***  -.055  

 (.014)  (.020)  (.030)  (.014)  (.020)  (.030)  

    Song Count Total (log) -.275***  -.248***  -.400***  -.274***  -.247***  -.397***  

 (.038)  (.052)  (.071)  (.038)  (.052)  (.071)  

    Prior Hit Count (log) -.117  -.159  -.057  -.118  -.160  -.060  

 (.063)  (.083)  (.118)  (.063)  (.083)  (.118)  

    Prior Hit Weeks (log) .965***  1.058***  1.080***  .966***  1.059***  1.081***  

 (.059)  (.080)  (.117)  (.059)  (.080)  (.117)  

    Career Age -1.886***  -2.173***  -2.186***  -1.882***  -2.169***  -2.182***  

 (.080)  (.109)  (.162)  (.080)  (.109)  (.162)  

    Years Since Last Song -.103  -.019  -.095  -.104  -.021  -.096  

 (.053)  (.075)  (.119)  (.053)  (.075)  (.119)  

Static Artist Controls:             

    Soloist (vs. Group) .148**  .195**  .199*  .148**  .194**  .199*  

 (.052)  (.067)  (.086)  (.052)  (.067)  (.086)  

    Prior Hit(s) w/ Group .247***  .319***  .231*  .247***  .318***  .230*  

 (.067)  (.085)  (.105)  (.067)  (.085)  (.105)  

    Self-Write % -.151***  -.164***  -.079  -.152***  -.164***  -.080  

 (.030)  (.038)  (.051)  (.030)  (.038)  (.051)  

    Self-Produce % .167***  .222***  .217***  .167***  .222***  .216***  

 (.027)  (.035)  (.045)  (.027)  (.035)  (.045)  

    Career Age at 1st Hit .493***  .518***  .541***  .493***  .518***  .540***  

 (.038)  (.051)  (.072)  (.038)  (.051)  (.072)  

    Year of 1st Hit -.481***  -.590***  -.766***  -.478***  -.587***  -.763***  

 (.068)  (.087)  (.133)  (.068)  (.087)  (.133)  

Song Controls:             

    # of Artists on Song (log) -.038*  -.012  .071**  -.038*  -.012  .071**  

 (.015)  (.019)  (.025)  (.015)  (.019)  (.025)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept -4.920***  -5.878***  -7.203***  -4.927***  -5.881***  -7.205***  

 (.121)  (.160)  (.254)  (.121)  (.160)  (.254)  

Random Intercept (Artist) .541***  .709***  .659***  .542***  .708***  .663***  

 (.045)  (.069)  (.087)  (.045)  (.069)  (.087)  

Random Intercept (Label) .477***  .544***  .536***  .476***  .544***  .534***  

 (.038)  (.055)  (.082)  (.038)  (.055)  (.082)  

Observations (Songs) 218,770  218,770  218,142a  218,770  218,770  218,142a 
 

Artists 3,983  3,983  3,982  3,983  3,983  3,982  

Labels 6,443  6,443  6,423  6,443  6,443  6,423  

Log-Likelihood -35,722  -21,699  -10,665  -35,700  -21,688  -10,662  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors shown in parentheses. All continuous variables were 

standardized. 
a No songs from the “Children” genre made the top 10, omitting 628 songs from Models 3 and 6. 

 

Table C30. Logistic Regression Models (Sustained Success; H1, H4, & H5): Comparing 

Relatedness Without Initial Hits vs. Relatedness with Initial Hits. 
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 Model 1  Model 2  Model 3  Model 4  Model 5   

DV (Song Hit vs. Miss): Top 100  Top 100  Top 100  Top 40  Top 10   

Relatedness [to Biggest Initial Hit] (H1) .139***    .114***  .097***  .061*   

 (.012)    (.013)  (.017)  (.026)   

Relatedness [to Random Non-Hit] (H1)   .123***  .088***  .098***  .097***   

   (.013)  (.013)  (.018)  (.026)   

χ2 Test (Hit b – Non-Hit b) n/a  n/a  1.57, p = .21  0.00, p = .97  0.73, p = .39   

            

Pre-Novelty (control in these analyses) .102***  .103***  .105***  .148***  .172***   

 (.024)  (.024)  (.024)  (.032)  (.042)   

Pre-Variety (control in these analyses) .043  .048  .057*  .057  .115*   

            

Time-Varying Artist Controls:            

    Song Count Year (log) -.246***  -.246***  -.245***  -.163***  -.057   

 (.015)  (.015)  (.015)  (.020)  (.030)   

    Song Count Total (log) -.271***  -.270***  -.271***  -.237***  -.386***   

 (.039)  (.038)  (.039)  (.052)  (.072)   

    Prior Hit Count (log) -.142*  -.136*  -.141*  -.185*  -.082   

 (.064)  (.064)  (.064)  (.084)  (.119)   

    Prior Hit Weeks (log) .994***  .987***  .993***  1.085***  1.101***   

 (.060)  (.060)  (.060)  (.082)  (.118)   

    Career Age -1.885***  -1.890***  -1.882***  -2.177***  -2.191***   

 (.080)  (.080)  (.080)  (.109)  (.162)   

    Years Since Last Song -.103  -.100  -.103  -.018  -.089   

 (.054)  (.054)  (.054)  (.076)  (.119)   

Static Artist Controls:            

    Soloist (vs. Group) .133*  .136**  .138**  .180**  .190*   

 (.052)  (.052)  (.052)  (.068)  (.087)   

    Prior Hit(s) w/ Group .253***  .256***  .256***  .336***  .249*   

 (.068)  (.068)  (.068)  (.086)  (.106)   

    Self-Write % -.144***  -.143***  -.146***  -.159***  -.079   

 (.030)  (.030)  (.030)  (.039)  (.051)   

    Self-Produce % .157***  .160***  .160***  .213***  .214***   

 (.027)  (.027)  (.027)  (.035)  (.045)   

    Career Age at 1st Hit .500***  .500***  .498***  .516***  .542***   

 (.038)  (.038)  (.038)  (.051)  (.072)   

    Year of 1st Hit -.477***  -.480***  -.479***  -.586***  -.763***   

 (.068)  (.068)  (.068)  (.088)  (.133)   

Song Controls:            

    # of Artists on Song (log) -.036*  -.037*  -.037*  -.010  .073**   

 (.015)  (.015)  (.015)  (.019)  (.025)   

    Genre Dummies YES  YES  YES  YES  YES   

    Release Year Dummies YES  YES  YES  YES  YES   

Fixed Intercept -4.923***  -4.914***  -4.931***  -5.894***  -7.226***   

 (.121)  (.121)  (.121)  (.161)  (.255)   

Random Intercept (Artist) .548***  .537***  .548***  .716***  .668***   

 (.046)  (.045)  (.046)  (.070)  (.088)   

Random Intercept (Label) .480***  .481***  .480***  .550***  .539***   

 (.038)  (.038)  (.038)  (.056)  (.083)   

Observations (Songs) 214,492  214,492  214,492  214,492  213,912a 
  

Artists 3,853  3,853  3,853  3,853  3,852   

Labels 6,344  6,344  6,344  6,344  6,344   

Log-Likelihood -35,493  -35,511  -35,472  -21,574  -10,634   

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors shown in parentheses. All continuous variables were standardized.  
a No songs from the “Children” genre made the top 10, omitting 580 songs from Model 5. 

 
 

Table C31. Logistic Regression Models (Sustained Success; H1): Comparing Relatedness to 

Biggest Initial Hit vs. Relatedness to Randomly-Selected Non-Hit. 
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 Model 1  Model 2  Model 3   

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10   

Relatedness (H1) .205***  .220***  .176***   

 (.021)  (.028)  (.042)   

Pre-Novelty (H2) .158***  .189***  .244***   

 (.033)  (.043)  (.057)   

Pre-Variety (H3) .069  .080  .124*   

 (.037)  (.049)  (.063)   

Soloist (vs. Group) .139**  .187**  .203*   

 (.052)  (.068)  (.086)   

Relatedness (H1) X Soloist (vs. Group) .008  -.014  .004   

 (.027)  (.037)  (.054)   

Pre-Novelty (H2) X Soloist (vs. Group) -.069  -.055  -.104   

 (.043)  (.055)  (.071)   

Pre-Variety (H3) X Soloist (vs. Group) -.027  -.022  -.038   

 (.048)  (.063)  (.081)   

Time-Varying Artist Controls:        

    Song Count Year (log) -.243***  -.160***  -.053   

 (.014)  (.020)  (.030)   

    Song Count Total (log) -.271***  -.228***  -.372***   

 (.037)  (.051)  (.069)   

    Prior Hit Count (log) -.126*  -.183*  -.054   

 (.062)  (.081)  (.115)   

    Prior Hit Weeks (log) .962***  1.060***  1.045***   

 (.057)  (.078)  (.114)   

    Career Age -1.903***  -2.205***  -2.179***   

 (.077)  (.105)  (.156)   

    Years Since Last Song -.111*  -.021  -.091   

 (.052)  (.073)  (.114)   

Static Artist Controls:        

    Prior Hit(s) w/ Group .285***  .365***  .270**   

 (.067)  (.085)  (.104)   

    Self-Write % -.149***  -.163***  -.082   

 (.029)  (.038)  (.050)   

    Self-Produce % .173***  .223***  .217***   

 (.027)  (.034)  (.044)   

    Career Age at 1st Hit .497***  .523***  .528***   

 (.038)  (.050)  (.071)   

    Year of 1st Hit -.504***  -.634***  -.780***   

 (.065)  (.083)  (.128)   

Song Controls:        

    # of Artists on Song (log) -.040**  -.013  .068**   

 (.015)  (.019)  (.025)   

    Genre Dummies YES  YES  YES   

    Release Year Dummies YES  YES  YES   

Fixed Intercept -4.921***  -5.853***  -7.203***   

 (.117)  (.155)  (.249)   

Random Intercept (Artist) .567***  .759***  .707***   

 (.046)  (.071)  (.088)   

Random Intercept (Label) .500***  .555***  .527***   

 (.039)  (.055)  (.081)   

Observations (Songs) 226,191  226,191  225,525a  
 

Artists 4,310  4,310  4,309   

Labels 6,575  6,575  6,553   

Log-Likelihood -36,807  -22,314  -10,996   

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables 

were standardized. 
a No songs from the “Children” genre made the top 10, omitting 666 songs from Model 3. 

Table C32. Logistic Regression Models (Sustained Success; H1-H3): Soloist vs. 

Group Interactions. 
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 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  

DV (Song Hit vs. Miss):  Top 100  Top 40  Top 10  Top 100  Top 40  Top 10  

Self-Write % or Self-Produce % as IV: Write  Write  Write  Produce  Produce  Produce  

Relatedness (H1) .216***  .216***  .178***  .206***  .206***  .168***  

 (.014)  (.018)  (.027)  (.014)  (.018)  (.027)  

Pre-Novelty (H2) .116***  .149***  .172***  .118***  .156***  .175***  

 (.024)  (.031)  (.041)  (.024)  (.032)  (.042)  

Pre-Variety (H3) .059*  .071*  .104*  .053*  .066*  .097*  

 (.026)  (.033)  (.042)  (.025)  (.033)  (.042)  

Self-Write[-Produce] % -.162***  -.180***  -.099*  .159***  .211***  .202***  

 (.030)  (.038)  (.050)  (.027)  (.035)  (.045)  

Relatedness (H1) X Self-Write[-Produce] % .057***  .062***  .069*  .052***  .045*  .051  

        (.013)  (.018)  (.028)  (.014)  (.019)  (.028)  

Pre-Novelty (H2) X Self-Write[-Produce] % .032  .073*  .097*  .016  .012  .039  

 (.023)  (.031)  (.040)  (.021)  (.027)  (.036)  

Pre-Variety (H3) X Self-Write[-Produce] % .023  .014  .010  .008  .011  .030  

 (.023)  (.030)  (.039)  (.022)  (.029)  (.038)  

Time-Varying Artist Controls:             

    Song Count Year (log) -.243***  -.160***  -.055  -.243***  -.160***  -.053  

 (.014)  (.020)  (.030)  (.014)  (.020)  (.030)  

    Song Count Total (log) -.269***  -.227***  -.372***  -.271***  -.228***  -.374***  

 (.037)  (.051)  (.069)  (.037)  (.051)  (.069)  

    Prior Hit Count (log) -.129*  -.183*  -.058  -.130*  -.184*  -.056  

 (.062)  (.081)  (.115)  (.062)  (.081)  (.115)  

    Prior Hit Weeks (log) .963***  1.058***  1.045***  .965***  1.062***  1.049***  

 (.057)  (.078)  (.114)  (.057)  (.078)  (.114)  

    Career Age -1.902***  -2.204***  -2.173***  -1.902***  -2.205***  -2.177***  

 (.077)  (.105)  (.156)  (.077)  (.105)  (.156)  

    Years Since Last Song -.108*  -.017  -.085  -.111*  -.021  -.089  

 (.052)  (.073)  (.114)  (.052)  (.073)  (.114)  

Static Artist Controls:             

    Soloist (vs. Group) .139**  .179**  .195*  .140**  .182**  .198*  

 (.052)  (.067)  (.086)  (.052)  (.067)  (.086)  

    Prior Hit(s) w/ Group .290***  .367***  .276**  .291***  .370***  .279**  

 (.067)  (.085)  (.104)  (.067)  (.084)  (.104)  

    Self-Produce[-Write] % .175***  .228***  .223***  -.147***  -.162***  -.079  

 (.027)  (.035)  (.045)  (.029)  (.038)  (.050)  

    Career Age at 1st Hit .495***  .520***  .522***  .496***  .523***  .526***  

 (.038)  (.050)  (.071)  (.038)  (.050)  (.071)  

    Year of 1st Hit -.509***  -.643***  -.797***  -.507***  -.637***  -.787***  

 (.065)  (.083)  (.129)  (.065)  (.083)  (.128)  

Song Controls:             

    # of Artists on Song (log) -.040**  -.014  .067**  -.040**  -.013  .068**  

 (.015)  (.019)  (.025)  (.015)  (.019)  (.025)  

    Genre Dummies YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  

Fixed Intercept -4.931***  -5.857***  -7.222***  -4.924***  -5.853***  -7.212***  

 (.117)  (.155)  (.249)  (.117)  (.155)  (.248)  

Random Intercept (Artist) .570***  .761***  .711***  .569***  .759***  .706***  

 (.046)  (.071)  (.089)  (.046)  (.071)  (.088)  

Random Intercept (Label) .499***  .554***  .527***  .500***  .555***  .530***  

 (.039)  (.055)  (.081)  (.039)  (.055)  (.081)  

Observations (Songs) 226,191  226,191  225,525a  226,191  226,191  225,525a 
 

Artists 4,310  4,310  4,309  4,310  4,310  4,309  

Labels 6,575  6,575  6,553  6,575  6,575  6,553  

Log-Likelihood -36,798  -22,307  -10,991  -36,801  -22,312  -10,995  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. 
a No songs from the “Children” genre made the top 10, omitting 666 songs from Models 3 and 6. 

 

Table C33. Logistic Regression Models (Sustained Success; H1-H3): Self-Write and 

Self-Produce Interactions. 
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 Model 1  Model 2  Model 3   

DV (Song Hit vs. Miss): Top 100  Top 40  Top 10   

Relatedness (H1) .199***  .186***  .175***   

 (.019)  (.026)  (.038)   

Pre-Novelty (H2) .175***  .218***  .292***   

 (.031)  (.042)  (.061)   

Pre-Variety (H3) .120***  .114**  .093   

 (.031)  (.041)  (.053)   

Years Since 1st Hit -1.831***  -2.118***  -2.092***   

 (.074)  (.100)  (.150)   

Relatedness (H1) X Years Since 1st Hit -.019  -.051  -.007   

 (.027)  (.037)  (.055)   

Pre-Novelty (H2) X Years Since 1st Hit .111**  .111*  .191*   

 (.037)  (.052)  (.079)   

Pre-Variety (H3) X Years Since 1st Hit .119***  .080  -.015   

 (.032)  (.043)  (.061)   

Time-Varying Artist Controls:        

    Song Count Year (log) -.247***  -.163***  -.055   

 (.014)  (.020)  (.030)   

    Song Count Total (log) -.253***  -.215***  -.371***   

 (.038)  (.051)  (.070)   

    Prior Hit Count (log) -.151*  -.200*  -.061   

 (.062)  (.082)  (.115)   

    Prior Hit Weeks (log) .978***  1.070***  1.052***   

 (.057)  (.079)  (.114)   

    Years Since Last Song -.093  -.005  -.076   

 (.052)  (.073)  (.114)   

Static Artist Controls:        

    Soloist (vs. Group) .145**  .187**  .206*   

 (.052)  (.067)  (.086)   

    Prior Hit(s) w/ Group .303***  .379***  .277**   

 (.067)  (.085)  (.104)   

    Self-Write % -.148***  -.162***  -.078   

 (.029)  (.038)  (.050)   

    Self-Produce % .175***  .225***  .217***   

 (.027)  (.035)  (.045)   

    Career Age at 1st Hit -.099**  -.164***  -.145*   

 (.032)  (.043)  (.058)   

    Year of 1st Hit -.497***  -.632***  -.800***   

 (.065)  (.084)  (.129)   

Song Controls:        

    # of Artists on Song (log) -.041**  -.014  .067**   

 (.015)  (.019)  (.025)   

    Genre Dummies YES  YES  YES   

    Release Year Dummies YES  YES  YES   

Fixed Intercept -4.977***  -5.902***  -7.256***   

 (.118)  (.156)  (.250)   

Random Intercept (Artist) .585***  .775***  .714***   

 (.047)  (.072)  (.089)   

Random Intercept (Label) .499***  .550***  .522***   

 (.039)  (.056)  (.081)   

Observations (Songs) 226,191  226,191  225,525a  
 

Artists 4,310  4,310  4,309   

Labels 6,575  6,575  6,553   

Log-Likelihood -36,792  -22,308  -10,994   

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables 

were standardized, including “Years Since 1st Hit.” 
a No songs from the “Children” genre made the top 10, omitting 666 songs from Model 3. 

Table C34. Logistic Regression Models (Sustained Success; H1-H3): Years Since 

Initial Hit Interactions. 
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 Model 1  Model 2  Model 3  Model 4  Model 5  Model 6  Model 7  Model 8  Model 9  

DV (Song Hit vs. Miss): Top 100  Top 100  Top 100  Top 40  Top 40  Top 40  Top 10  Top 10  Top 10  

Cutoff for Years Since 1st Hit: 5+ Yrs.  10+ Yrs.  15+ Yrs.  5+ Yrs.  10+ Yrs.  15+ Yrs.  5+ Yrs.  10+ Yrs.  15+ Yrs.  

Relatedness (H1) .202***  .174***  .200***  .170***  .141***  .179*  .149***  .154*  .226*  

 (.020)  (.031)  (.051)  (.027)  (.041)  (.070)  (.040)  (.060)  (.104)  

Pre-Novelty (H2) .155***  .141*  .182  .200***  .122  .151  .219***  .222*  .222  

 (.034)  (.056)  (.112)  (.044)  (.074)  (.147)  (.063)  (.107)  (.205)  

Pre-Variety (H3) .058  .111  .080  .073  .062  .014  .044  .112  .080  

 (.037)  (.059)  (.090)  (.047)  (.075)  (.114)  (.062)  (.095)  (.136)  

Relatedness X Pre-Novelty (H4) -.008  -.076*  -.224***  .005  -.055  -.108  -.001  -.006  -.098  

    (.021)  (.035)  (.061)  (.028)  (.048)  (.086)  (.044)  (.075)  (.134)  

Relatedness X Pre-Variety (H5) .064***  .085**  .092*  .062**  .083*  .090  .027  .027  -.028  

 (.018)  (.026)  (.038)  (.024)  (.033)  (.050)  (.033)  (.045)  (.068)  

Time-Varying Artist Controls:                   

    Song Count Year (log) -.290***  -.316***  -.362***  -.227***  -.235***  -.238***  -.132**  -.142*  -.175  

 (.020)  (.030)  (.046)  (.027)  (.042)  (.065)  (.040)  (.062)  (.095)  

    Song Count Total (log) -.462***  -.428***  -.289  -.447***  -.551***  -.190  -.497***  -.780***  -.421  

 (.060)  (.100)  (.159)  (.079)  (.131)  (.213)  (.111)  (.179)  (.280)  

    Prior Hit Count (log) .709***  .544**  .362  .728***  .635*  .167  .665**  .536  -.110  

 (.108)  (.207)  (.384)  (.146)  (.283)  (.529)  (.216)  (.402)  (.744)  

    Prior Hit Weeks (log) .619***  1.106***  1.439**  .651***  1.029**  1.510*  .710**  1.118*  1.765*  

 (.110)  (.229)  (.437)  (.152)  (.316)  (.608)  (.231)  (.459)  (.869)  

    Career Age -2.064***  -2.389***  -12.212**  -2.098***  -2.247***  .176  -1.957***  -1.972  9.186  

 (.114)  (.234)  (4.080)  (.168)  (.372)  (5.899)  (.312)  (5.619)  (13.982)  

    Years Since Last Song -.037  -.025  .037  .026  -.097  .006  .031  -.232  -.215  

 (.061)  (.076)  (.096)  (.085)  (.112)  (.145)  (.125)  (.172)  (.226)  

Static Artist Controls:                   

    Soloist (vs. Group) .159*  -.045  -.081  .083  -.242  -.119  .060  -.048  -.198  

 (.076)  (.127)  (.205)  (.097)  (.166)  (.272)  (.133)  (.226)  (.359)  

    Prior Hit(s) w/ Group .250**  .410**  .261  .379***  .619***  .488  .451**  .705***  .552  

 (.084)  (.131)  (.206)  (.105)  (.165)  (.260)  (.138)  (.210)  (.333)  

    Self-Write % -.122**  -.129  -.120  -.107*  -.140  -.099  -.056  -.008  -.097  

 (.043)  (.068)  (.106)  (.055)  (.087)  (.138)  (.076)  (.120)  (.181)  

    Self-Produce % .232***  .309***  .259*  .229***  .294***  .111  .172*  .154  .009  

 (.040)  (.066)  (.109)  (.051)  (.085)  (.142)  (.071)  (.117)  (.188)  

    Career Age at 1st Hit .634***  .852***  3.942**  .607***  .774***  .039  .522***  .630  -2.872  

 (.053)  (.097)  (1.268)  (.074)  (.146)  (1.834)  (.123)  (1.752)  (4.348)  

    Year of 1st Hit -.439***  -.950***  -11.721**  -.211  -.597  2.152  -.300  -.546  11.613  

 (.111)  (.248)  (4.470)  (.164)  (.396)  (6.473)  (.320)  (6.161)  (15.352)  

Song Controls:                   

    # of Artists on Song (log) -.003  .034  .073  .020  .061  .114*  .143***  .182***  .230**  

 (.019)  (.028)  (.042)  (.025)  (.036)  (.055)  (.031)  (.045)  (.072)  

    Genre Dummies YES  YES  YES  YES  YES  YES  YES  YES  YES  

    Release Year Dummies YES  YES  YES  YES  YES  YES  YES  YES  YES  

Fixed Intercept -5.340***  -5.036***  10.696  -6.703***  -6.120***  -10.773  -8.206***  -7.526  -26.529  

 (.185)  (.388)  (6.588)  (.273)  (.617)  (9.642)  (.518)  (9.165)  (23.089)  

Random Intercept (Artist) .494***  .697***  .857***  .576***  .744***  .923***  .641***  .694***  .757*** 
 

 (.057)  (.109)  (.201)  (.080)  (.149)  (.267)  (.123)  (.213)  (.345)  

Random Intercept (Label) .573***  .575***  .692***  .615***  .652***  .497***  .579***  .643***  .230***  

 (.064)  (.110)  (.221)  (.088)  (.151)  (.259)  (.136)  (.222)  (.314)  

Observations (Songs) 147,095  94,884  65,355  147,095  94,884  64,522  146,402  94,295  50,295  

Hit Songs 5,129  1,994  763  2,695  1,022  380  1,075  427  162  

Artists 3,771  3,173  2,651  3,771  3,173  2,646  3,769  3,168  2,532  

Labels 5,383  4,022  2,980  5,383  4,022  2,927  5,357  3,997  2,395  

Log-Likelihood -16,475  -6,637  -2,734  -9,953  -3,873  -1,523  -4,771  -1,898  -742  

Notes: *p < .05, ** p < .01, *** p < .001. Standard errors in parentheses. All continuous variables were standardized. Songs were omitted when they 

were in a genre or release year that did not have any hits, as the corresponding dummy variable perfectly predicted failure. This led to the minor 

discrepancies in the number of songs/artists across the models with the same “Years Since 1st Hit” cutoff. 

Table C35. Logistic Regression Models (Sustained Success; H1-H5): Increasing 

Cutoffs for Years Since Initial Hit. 
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