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Album Debuts: Understanding Customers with Covariates  

Executive Summary 

Though Dink and Sparklehorse are both indie rock bands, their 1995 debuting album sales (Dink and 

Vivadixiesubmarinetransmissionplot) reveal different traits between their customer bases. This analysis dives into 

the process of understanding the underlying behavior within two customer bases by stepping through the 

various models that led to the final through statistical and logical reasoning. Dink’s customers’ purchasing 

behaviors were best modeled by the Weibull Distribution with two covariates (seasonality and airplay) and 

three user segments (Early Fans, New Followers, and Mainstream Listeners & Friends). Sparklehorse’s 

customers’ purchasing behaviors were best modeled by the Burr XII (Weibull Gamma) Distribution with one 

covariate (airplay) and two user segments (Dedicated Fans and Mainstream Listeners). These two models 

demonstrated strong in-sample fit and most compelling stories, while maintaining low penalties for the 

number of parameters.   

 

Model Summary 

Analyzing both data sets, I used a similar initial approach by starting with the Weibull Gamma, then 

incorporating covariates and segments. However, the two data sets eventually converged on separate models. 

In the model summary, I will only discuss the probability models the analysis focuses on and dive into 

covariate selection and integration in the next section.   

- Weibull Gamma (Burr XII): Individual purchasing propensities 𝜆 are assumed to follow a gamma 

distribution with shape parameter 𝑟 and scale parameter 𝛼, which is the Pareto II. However, the 

behavior cannot be modeled memoryless, and that time until action is a factor of the probability of 

doing the action. When people make purchases, people don’t typically make purchases independent 

of time. Furthermore, consumers at an aggregate level are heterogeneous and exhibit varying degrees 
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of duration dependence. Therefore, the Weibull Gamma model captures the heterogeneity of 

purchasing propensities and duration dependence.  

- Weibull Gamma with segments: Though the Weibull Gamma model’s outputs across both data sets 

suggest significant heterogeneity, I hypothesized that these albums’ customer bases could potentially 

also be classified as segments. Among music group following, there typically exists some fan base 

which could have parameters distributed differently than mainstream listeners. Essentially, each 

segment has a different gamma function that best describes that segment’s customers’ purchase 

propensities. The models’ outputs showed that segments up to a certain extent were significant, but 

Dink’s segments exhibited extreme homogeneity, as noted by exploding 𝑟 values. That led to 

consider that potentially the segments were so homogeneous that they were best classified by latent 

classes with a single 𝜆 and 𝑐 parameter.  

- Weibull with segments: As Dink’s output showed extreme homogeneity within segments, the latter 

models for Dink focused on a Weibull model for 2 segments and 3 segments. The Weibull model 

allowed latent classes in which each segment shared the same parameters: 𝜆, 𝑐, 𝛽𝑎𝑖𝑟𝑝𝑙𝑎𝑦, 

𝛽𝑠𝑒𝑎𝑠𝑜𝑛𝑎𝑙𝑖𝑡𝑦 . This model converged as the strongest predictive model for Dink. 

 

Covariate Selection 

The covariates were selected and incorporated into the model only if they provided significant 

explanatory power. I selected two covariates, airplay and seasonality, and brought them into the model in 

order of which would provide more explanatory power in terms of the story.  

- Airplay: Awareness typically drives purchases, and therefore the amount of exposure the albums have 

on the radio play a significant role in driving purchases. Simply put, if people have never heard the 

music, it is unlikely that they will buy. More specifically, considering mainstream listeners, they are 

typically more influenced to purchase the album by the frequency it plays on the radio than hardcore 
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fans, since fans are already bought in. As mainstream listeners could make up a larger portion of the 

population, this covariate had potential to provide significant explanatory power and was 

incorporated into the model first.     

- Seasonality: Christmas season across products have proven significant spikes in the number of 

product purchases. Therefore, I included seasonality when necessary to describe potential seasonality 

effect on purchasing behavior. Seasonality was modeled as 1 for when it was Christmas season 

(12/18/94-1/1/95) and 0 for when it wasn’t. However, in some models, this did not play a 

significant role and therefore was not included in the final model. This covariate was incorporated in 

addition to airplay when necessary. 

 

Dink 

Dink’s sales were best modeled by the Weibull with covariates and 3 segments. It exhibited the lowest BIC at 

501555.48 and MAPE of 6.81% (see Table 1.4). However, prior to arriving on this conclusion, there were a 

few key decisions when selecting the model.  

- Weibull Gamma to Weibull: Initially, the Weibull Gamma was run to best capture the heterogeneity 

across the aggregate population. However, the output from the Weibull Gamma with two segments 

contained 𝑟 values of 8445.45 and 213882 for segment 1 and 2, respectively. These 𝑟 values signaled 

strong homogeneity within the segment, which justified considering a Weibull model. That means, 

segments of customers are strongly alike yet significantly different from other segments of 

customers. Comparing the Weibull Gamma covariate 3 segment model with the Weibull covariate 3 

segment model using the Likelihood Ratio Test, with 𝑝 = 0 it showed that the Weibull model was a 

significantly stronger model to the Weibull Gamma.  

- Three Segments: When considering music group following, I strongly considered including segments 

into the model to accurately depict typical segments: a loyal fan base and mainstream followers. 

Therefore, I started with two segments and considered models with more segments if proven to be 
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significant. However, comparing the Weibull Gamma covariate model with two segments with that 

of three segments, the decrease in BIC showed that the third segment proved significant explanatory 

power. Furthermore, comparing the in-sample fit (MAPE = 14.48% vs 5.18%) as well as the visual 

fit, the third segment proved significant. Examining the parameters, what was previously not 

considered was a subset of the population that was highly influenced by seasonality.  

Table 1.1: Model Improvement by Segment 

Model BIC MAPE 

W + cov 1 seg 504355.88 22.59% 

W + cov 2 seg 503083.29 14.58% 

W + cov 3 seg 501787.86 9.34% 

 

- Adding Covariates: As previously stated in covariate selection, covariates were added when necessary 

with airplay then following with seasonality. Comparing the models with no covariates, just airplay, 

and all covariates, the two covariates provided significant explanatory power to the model. This was 

justified comparing in-sample fit, visual fit, BIC, and using LRT.  

Table 1.2: Model Improvement by Covariates 

Model BIC MAPE LRT 

W 3 seg 502228.66 11.08% 
𝑝 = 0 

W 3 seg 
airplay 

501787.86 9.34% 

𝑝 = 0 
W 3 seg 
airplay & 

seasonality 
501492.52 5.18% 
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Final Model: Weibull 2 covariate 3 segment Model 

 

 

Table 1.3: Final Model Parameter Estimates 

Segment 𝝅 𝝀 𝒄 𝜷𝒂𝒊𝒓𝒑𝒍𝒂𝒚  𝜷𝒔𝒆𝒂𝒔𝒐𝒏𝒂𝒍𝒊𝒕𝒚 

1 0.24 0.070 1.49 -0.00071 0.00107 

2 0.39 0.015 2.08 0.00023 -0.768 

3 0.37 0.000301 2.58 0.00031 0.710 

 

Segment 1 (Fan base): The fan base represented a small yet significant portion of the customer base (𝜋 =

0.24). Relative to the other segments, the fan base had the highest propensity to purchase Dink’s first album 

as shown by their highest 𝜆 (𝜆 = 0.070). Fan bases are more driven to purchase by their commitment and 

loyal following to the group rather than the time till purchase. Their dedication can also be seen by the weaker 

𝛽𝑎𝑖𝑟𝑝𝑙𝑎𝑦 (𝛽𝑎𝑖𝑟𝑝𝑙𝑎𝑦 = −0.00071) and 𝛽𝑠𝑒𝑎𝑠𝑜𝑛𝑎𝑙𝑖𝑡𝑦  (𝛽𝑠𝑒𝑎𝑠𝑜𝑛𝑎𝑙𝑖𝑡𝑦 = −0.768) influence on their purchasing 

behavior. However, they are affected by seasonality to some degree as during Christmas time as they are likely 

to purchase Dink for others.  
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Segment 2 (New Followers): This subset of customers, larger in size (𝜋=0.39), adopted after the fan base, 

since they were highly driven by their exposure to the music through radio and likely did not know the band 

or album prior to the radio exposure. This can be seen through their parameters, as these customers were 

highly influenced by airplay (𝛽𝑎𝑖𝑟𝑝𝑙𝑎𝑦 = 0.00023) and were more time dependent (𝑐 = 2.08). This segment 

represented a newer following to the music, and therefore demonstrated a higher propensity to purchase the 

album (𝜆2=0.015) in comparison to segment 3 (𝜆3=0.000301) yet still lower than the core fan base (𝜆1=0.07).   

Segment 3 (Mainstream Listeners & Friends): This subset represented typical mainstream listeners, a 

substantial fraction of the population (𝜋=0.37), who were less engaged and were unlikely to buy throughout 

the year, but purchased for a friend around Christmas time as shown by their very low 𝜆 (𝜆3= 0.000301) and 

high 𝛽𝑠𝑒𝑎𝑠𝑜𝑛𝑎𝑙𝑖𝑡𝑦  (𝛽𝑠𝑒𝑎𝑠𝑜𝑛𝑎𝑙𝑖𝑡𝑦= 0.710). Though this segment may not have made up a large portion of 

Dink’s listener base, they contributed significantly to their sales.  

Table 1.4: Dink Models and Fit 

Model Covariates Seg. LL BIC MAPE 

Weibull 
Gamma 

- 1 -30637.67 61309.9 51.35% 

Airplay 1 -252154.92 504355.88 22.59% 

Airplay 2 -250961.69 502027.00 10.00% 

Airplay  
Seasonality 

2 -250958.68 502020.98 9.98% 

Airplay 3 -250948.59 502058.35 9.99% 

Airplay 
Seasonality 

3 -250809.08 501813.88 8.46% 

Weibull 

- 1 -15317122.21 30634267.44 32.13% 

Airplay 1 -15316952.13 30633938.80 30.17% 

Airplay 2 -251501.35 503083.29 14.58% 

Airplay 
Seasonality 

2 -251501.22 503106.06 14.58% 

Airplay 3 -250830.61 501787.86 9.34% 
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Airplay 
Seasonality 

3 -250665.67 501492.52 5.18% 

 

Sparklehorse 

The Sparklehorse modeling approach was similar to Dink’s. Sparklehorse’s sales were best modeled by the 

Weibull Gamma with one covariate and two segments, demonstrating strong in-sample fit of MAPE = 

17.31% and low BIC at 60612.1. However, this model didn’t necessarily exhibit the lowest MAPE. Prior to 

selecting the final model, there were a few key decisions that helped balance story and model fit.  

- Two Segments: Intuitively, I hypothesized that there would be two segments (fans and mainstream 

customers), and compared the models with 1 versus 2 segments using BIC and in-sample fit 

(MAPE). The two-segment model showed significant improvement to the predictive power, and 

therefore the future models were built upon two segments.   

 

Table 1.1: Model Improvement by Segment 

Model BIC MAPE 

WG + cov  
1 seg 

60772.3 23.67% 

WG + cov  
2 seg 

60612.1 17.31% 

 

- Weibull Gamma vs Weibull (2 segments): The initial fit and story behind the Weibull model with 2 

segments and covariate (airplay) was compelling and visually strong. The following plots, parameter 

estimates, and segment rationale help detail this.    
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Table 2.1: Weibull with Covariates 2-segment Parameter Estimates 

Segment 𝝅 𝝀 𝒄 𝜷𝒂𝒊𝒓𝒑𝒍𝒂𝒚  𝜷𝒔𝒆𝒂𝒔𝒐𝒏𝒂𝒍𝒊𝒕𝒚 

1 0.998 0.00046 1.279 0.0015 0.01 

2 0.002 0.13 0.000245 -0.000105 0.001 

 

o Segment 1 (Mainstream Listeners): The mainstream segment comprises most the population 

(𝜋 = 0.998). They’re highly influenced by airplay ( 𝛽𝑎𝑖𝑟𝑝𝑙𝑎𝑦 = 0.0015), as this was most 

likely their initial exposure, and therefore have very low propensities to buy the album (𝜆 = 

0.00046). However, over time, there is a higher likelihood that they would adopt (𝑐 =

1.279). 

o Segment 2 (Dedicated Fans): The dedicated fan base comprises a small sliver of the 

population (𝜋 = 0.002). They’re not really influenced by airplay because they’re already 

dedicated ( 𝛽𝑎𝑖𝑟𝑝𝑙𝑎𝑦 = −0.000105), and as time passes, they are less likely to adopt since 

they would have adopted in the earlier periods (𝑐 = 0.000245). Relative to the mainstream, 

they have a high propensity to buy as the fan base is strong (𝜆 = 0.13). 
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Though the stories behind the segments were compelling and the fit was decent, it was tempting to 

choose this model. However, it logically did not make sense to me that the 99% mainstream 

population could be best represented homogeneously with a unified 𝜆. More logically, customers of a 

large subset of a population who are not driven by a unified reason (i.e., fan loyalty) would have 𝜆 

distributed heterogeneously. Therefore, the Weibull Gamma model was considered in priority over 

the Weibull model. This choice demonstrated a better fit comparing lower BIC and LL (LL = -

30358.48 vs -30254.23, BIC = 60820.6 vs 60612.1). 

- One covariate, not two: Covariates were added to the model only when they demonstrated significant 

explanatory impact. In this model, only airplay showed significant improvement to the model. While 

seasonality improved the model (MAPE decrease by 1%), it was not worth the extra parameter (BIC 

increase by 17.5 points). Furthermore, visually, this does not improve the fit significantly. 

Table 2.2: Model Improvement by Covariates 

Model BIC MAPE LRT 

WG 2 seg 60691.1 21.19% 
𝑝 = 0 

WG 2 seg 
airplay 

60612.1 17.31% 

𝑝 = 0.06 WG 2 seg 
airplay & 

seasonality 
60629.6 16.81% 
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Final Model: Weibull Gamma 1-covariate 2-segment Model 

 

One Covariate (Airplay) Two Covariates (Airplay & Seasonality) 
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Table 2.3: Final Model Parameter Estimates 

Segment 𝝅 𝒓 𝜶 𝒄 𝜷𝒂𝒊𝒓𝒑𝒍𝒂𝒚  

1 0.758 0.235 1.33E+12 7.63 0.001 

2 0.242 533233.5 2.41E+8 1.24 -0.0059 

 

Segment 1 (Mainstream): Most the population are considered mainstream customers, like Dink’s customers 

(𝜋 = 0.758). They also exhibit strong mainstream population characteristics as seen in the heterogeneity in 

their propensity to purchase the album (𝑟 = 0.235). Furthermore, they are very duration dependent since they 

are not the first to jump in (𝑐 = 7.63) and are influenced stronger by airplay (𝛽𝑎𝑖𝑟𝑝𝑙𝑎𝑦 = 0.235) than fans. The 

longer time has passed and the more exposure to the album via radio, the more likely they are to purchase the 

album.  

Segment 2 (Dedicated Fans): Dedicated fans are the minority population (𝜋 = 0.242) and are homogeneous 

in purchasing propensities (𝑟 = 0.235). They are all bought in to the band, album, and therefore share very 

similar propensities to purchase the album. Therefore, they are less duration dependent (𝑐 = 1.24). As time 

passes, they will be more inclined to buy, but relatively less so than main stream listeners since loyal fans will 

make a purchase driven by individual interest. Like Dink’s fan base, they also exhibit little to no effect from 

airplay in terms of understanding their purchasing behavior (𝛽𝑎𝑖𝑟𝑝𝑙𝑎𝑦 = -0.0059). 

Table 2.4: Sparklehorse Models and Fit 

Model Covariates Seg. LL BIC MAPE 

Weibull Gamma 

- 1 -30637.67 61309.9 51.35% 

Airplay 1 -30363.12 60772.3 23.67% 

Airplay 2 -30254.23 60612.1 17.31% 

Airplay  
Seasonality 

2 -30251.47 60629.6 16.81% 

Weibull Airplay 2 -30358.48 60820.6 22.89% 
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Conclusion 

This analysis revealed that customer bases can differ significantly across music groups despite being similar 

groups and debuting albums at roughly the same times. Furthermore, covariates shed light on how consumers 

can behave by observing their underlying unobservable characteristics by incorporating observable macro 

characteristics. Going forward, I’d like to dive deeper into more covariates such as touring and continue to 

explore the balance between story and fit.  


