
High Risk, High Reward: Heterogeneity in NBA Three-Point Shots 

Executive Summary 

 This paper analyzes three-point shots made during the NBA regular season across a variety of 

dimensions: individual players, and two types of subgroups: teams and positions. It focuses on the 

heterogeneity of the propensity to make three-point shots across these three levels of analysis. 

Methods 

 Data was scraped from the NBA statistics website and combined to be analyzed with multiple 

NBD models. At the individual level, I used an NBD model on a count data set of number of three-point 

shots made (not attempted) during the regular NBA season for all players. By estimating the parameters, 

more specifically r, I explored the heterogeneity of scoring propensities across all NBA players. After 

noticing a large spike with zeroes, I ran another NBD model with an additional spike parameter at zero. 

At the team level, I segmented the players into subsets by teams and ran an NBD model on each team to 

get an estimate of shooting propensity heterogeneity by team. At the position level, I ran an NBD model 

on each subset of position to analyze heterogeneity within positions. Finally, I used the Lorenz curve to 

visualize the heterogeneity for the model grouped by teams and the model grouped by positions.  

Findings 

 At the individual level, there was heterogeneity amongst individual players, which could be 

logically explained by the different positions and roles players have on the court. The spike at zero was 

also proven to be significant, though both the spike and non-spike NBD model exhibited similarly poor 

fits. At the team level, all teams leaned towards the heterogeneous side of the spectrum (r < 1) though 

each exhibited varying degrees of heterogeneity.  At the position level, positions exhibited significant 

variation in heterogeneity within, with Center exhibiting the most heterogeneity and Shooting Guard 

exhibiting the least heterogeneity. Across all models, the goodness-of-fit parameter p was small (p < 

0.001), and therefore, conclusions from the analyses should be taken carefully. 
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Introduction 

 With high risk comes high reward. In basketball, three-point shots are the highest rewarded 

means of scoring, as it is also the most difficult shot to make. For those who are unfamiliar, three-point 

shots must be taken outside the three-point line, which is approximately 23 feet from the basket. Certain 

players, like Stephen Curry, Klay Thompson and James Harden, have been regarded to be out-of-the-

ordinary in their abilities to make these shots. How out-of-the-ordinary are they really? By examining the 

heterogeneity among individual NBA players as well as among subsets of players, there may be more truth 

behind their scoring propensities. This paper focuses on understanding scoring propensities across the 

NBA by analyzing the 3PM (three-pointers-made) counts for the 2017-2018 season.   

  

 

 The raw data for this analysis, shown in Figure 1 & 2, was taken from the NBA Statistics website 

2017-2018 season which contained disaggregated data on 503 players and the total number of three-point 

shots made during the regular season of 82 games. For the latter part of the analysis, I utilized covariate 

Rank Player 3PM Team Position

1 James Harden 206 HOU PG
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Figure 1: Histogram of Actual Data

Figure 2: Sample of Count Data and Covariate Data

https://stats.nba.com/leaders/?StatCategory=FG3M&PerMode=Totals


data: player’s team and position, which I pulled from the ESPN website and NBA website and joined with 

the count data.  

 When selecting the data, I carefully defined the counts and parameter t to ensure that the data 

would not be a choice set. When gathering the data, the dataset included 3PM (3-Pointers Made) and 

3PA (3-Pointers Attempted). Intuitively, analyzing players using the 3PM and 3PA data made sense since 

it would account for the number of opportunities. However, this would’ve become a choice set as the 3PM 

would have a clear upper bound defined by 3PA. Therefore, I needed to clearly define how to model 

“opportunities”, as defined by t. Ultimately, t modeled the number of periods of opportunities, in this case 

regular season games, which was 82. Now, there was no upper bound for the 3PM. This cleanly defined 

the dataset as a count set with t = 82.  

 I hypothesized that there was significant heterogeneity between players in the NBA and between 

teams, given logical explanations like positions. I also hypothesized that there would be heterogeneity 

within positions, as there are certain players that have greatly superior skill relative to the other players 

within the position, specifically point guards (PG) and shooting guards (SG) which contain all-star 

shooters like Stephen Curry among others. This paper is broken into three parts based off the three 

different analyses: pooled individuals (spike and no spike), team subgroups, and position subgroups. 

Diving into the data, I started at the highest level of analysis focusing on the individual players in the 

NBA. Immediately from the histogram, I noticed extremely high counts of 0’s and counts under 10. My 

analysis then moved into accounting for the spike at 0, then diving deeper into subgroups by two types of 

covariates: teams and positions. This analysis progression was guided by findings found at each step that 

probed further exploration.   
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Modeling  

Pooled Individual 3PM NBD Model 

 The disaggregated data allowed for an NBD model of t = 82 for each player, as each player had 

the opportunity to play the same number of games per season, and thereby same number of opportunities 

to make three-point shots. 

 The histogram was generated by binning the counts by 10 to ensure that each bin had at least 5 

data points. The probabilities were then aggregated into these bins and used to calculate the expected 

values. Calculating the goodness of fit using Chi-Squared showed that this model was poorly fit, and 

therefore conclusions should be taken with caution. The model indicated that there was a lot of 

heterogeneity among NBA players, which could be explained by the various types of positions that 

naturally vary in scoring propensities as well as players with varying degrees of experience. However, I also 

noticed a huge spike at 0, comparable in size to the 1-10 bin. It was logical that there was a subset of the 
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Model r α LL P(spike) p

No Spike 0.3995 0.9140 -2179.189 - 0

Spike at 0 0.6899 1.3320 -2164.164 0.1561 0



NBA population that never made three-point shots either because they never took them or because of 

their low propensities to score. The underlying reason as to why players couldn’t take shots could be a 

combination of their low court time, ball-handling time, or position’s base distance to basket, and thereby 

inability to make three-point shots. Therefore, I ran another NBD model with a spike at 0 (estimated 

parameters given in table above). To see if the spike was significant and if the model had better 

explanatory power than the no spike model, I used the Likelihood-Ratio Test and found that the spike 

was significant with p=0.00000004 (p < 0.001). However, the fit on this model was also poor with Chi-

Squared p-value near zero. 

 One explanation for the poor fit could be that there were sub-populations within the entire 

population that have different NBD models and significantly different propensities to make three-point 

shots. The population could be divided by teams, with the potential that certain teams experienced 

significantly more heterogeneity with scoring propensities, given team composition or strategy. I 

hypothesized that teams with all-star shooters (shooters within the top 10 of the league) would experience 

more heterogeneity because the team would build strategy around passing the ball to those all-star 

shooters (players with higher propensities to score) to create more chances of scoring.  

 Another potential sub-population division would be the positions on the court. Certain 

positions’s, such as the Shooting Guard, sole purpose is to shoot and therefore are positioned outside the 

three-point line and main focus is to shoot. Other positions, such as Centers, are positioned within the 

three-point line and therefore have lower propensities to make shots since it does not lie within their 

domain. In terms of skill for these positions, Shooting Guards would have higher propensities to make 

three-point shots since this skill lies within their domain and would be a technique that’s developed and 

refined in comparison to positions who aren’t primarily targeted as three-point shooters. 
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Subset 1: Teams NBD Model 

 Are teams heterogeneous within? How do the players’ propensities to score three-pointers vary 

within teams? How does it compare across teams? These questions were the focus in the teams analysis, in 

which I aimed to understand the heterogeneity within teams and compare their estimates with each other. 

Going into this analysis, I hypothesized that the teams would be fairly heterogeneous within, but 

homogeneous across because of the diversity of skillsets by position. That is, they would exhibit low r 

values below 1, but be relatively similar values. Using the covariate data gathered from the NBA players 

site, I grouped the players by teams and ran an NBD model on each of the teams. Furthermore, I plotted 

a Lorenz Curve to visualize the heterogeneity amongst the teams. Finally, to see if this subgroup model 

would have better explanatory power than the pooled model, I used the LRT and calculated a p-value < 

0.001, indicating that this model had better explanatory power. 

 One challenge I faced was evaluating the goodness of fit for this model. Since the data was sparse 

the number of data points per sample (players per team) were low (approximately 16-19 players), it was 

difficult to create enough bins such that at least 80% of the bins contained more than 5 counts and there 

were at least 4 bins. However, for teams I was able to evaluate the goodness of fit, p-values were below 

0.001 and indicated that there was poor fit. Therefore, conclusions from this model must also be taken 

with caution. 

 The results indicated that teams were relatively heterogeneous, with all r values below 1. This 

was expected, as all teams were comprised of a variety of players ranging in different positions and skill 

specialty. However, there was a spectrum of values, ranging from 0.2 to 0.75. Focusing on the top three 

most heterogeneous teams (lowest three r values), we get GSW, HOU, and UTA. Looking deeper into 

their count information, the teams showed higher counts of 0’s as well as a few counts of high values 

(100+). More notably, these teams contain players from the top 10 range such as Stephen Curry and Klay 

Thompson (GSW), James Harden (HOU), and Joe Ingles (UTA). Those teams have most likely focused 
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Team r α LL

GSW 0.2071 0.4000 -63.1554

HOU 0.2417 0.4111 -79.9288

UTA 0.2500 0.6070 -67.4107

BOS 0.2905 0.6251 -75.9522

DAL 0.3005 0.6815 -78.4273

PHI 0.3028 0.7434 -80.9454

LAL 0.3341 1.0185 -75.0303

OKC 0.3368 0.7209 -68.5827

CHA 0.3399 0.8616 -70.0886

SAC 0.3760 1.1060 -65.0930

DEN 0.3826 0.8180 -74.5013

NYK 0.3921 1.2947 -71.5122

DET 0.4077 1.1261 -79.2414

CLE 0.4078 0.6984 -73.9895

NOP 0.4351 0.8920 -71.8604

MIL 0.4466 1.3535 -74.4789

POR 0.4579 0.8288 -60.1966

IND 0.4609 1.0616 -66.1929

WAS 0.4713 0.8987 -59.8259

CHI 0.4721 1.1141 -70.0083

MEM 0.4881 1.3887 -72.2279

ORL 0.4968 1.1474 -71.1292

MIA 0.5027 1.0437 -81.4136

SAS 0.5212 1.4026 -73.3228

BKN 0.5446 1.1575 -86.2229

LAC 0.5481 1.1575 -86.2229

PHX 0.5532 1.3490 -70.7747

TOR 0.6130 1.1985 -74.8419

ATL 0.6373 1.6492 -70.6346

MIN 0.7517 1.6624 -59.8399

Figure 3: Parameter Estimates by Team

Figure 4: Lorenz Curve with All Teams

Figure 5: Lorenz Curve with Top/Bottom 3 Heterogeneous Teams



strategy around creating more opportunities for these players to shoot, whereby some players never shoot 

and forgo that opportunity to a player with a higher propensity to score. All-star shooters are constantly 

shooting and continue to do so because to their high propensities to score. This led me to dive deeper and 

consider the possibility of positions as a covariate to subgroup by. I began to observe the positions of top 

shooters at a high level and noticed repeating trends of Point Guard, Shooting Guard, and Small Forward. 

These tended to be players that took the most shots and must be better at shooting. Therefore, it made 

sense to compare players by these staggering propensities.   

Subset 2: Position NBD Model 

 Are players homogeneous within their positions? Or do they differ significantly within their 

propensities to score? This model focused on understanding the heterogeneity of players propensities to 

score within their positions and comparing the estimates across positions. Going into this analysis, I 

hypothesized that there would be homogeneity (r > 1) within certain positions, specifically Center, and 

heterogeneity among the positions. I expected positions that did not make a lot of shots to be fairly 

homogeneous as they are given little to no opportunity to shoot three-pointers and would show similar low 

counts. After using covariate data to pool individuals into subsets by positions, I ran an NBD model on 

each of the subgroups and estimated their parameters.  

  

 The estimated parameters indicated heterogeneity within each position. Within the heterogeneity, 

there was a range of values. Most noticeably, my hypothesis was incorrect in this model as the positions 
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Position r α LL p

C 0.1202 0.9418 -178.74 0

PF 0.3746 1.0543 -425.69 0

SF 0.5710 1.1305 -454.99 0

PG 0.5866 1.2168 -501.93 0

SG 0.6565 1.0631 -561.25 0



with the most relative homogeneity were the Shooting Guard and Point Guard. This meant that there was 

significant heterogeneity among Center propensities to score relative to the Shooting Guard and Point 

Guards, positions known to be the best shooters. This meant, top ranked players for three-point shooting 

were more similar in terms of their propensities to score while players in other positions were more varied, 

especially Centers, the position least known to make three-point shots. I created a Lorenz Curve to 

visualize the heterogeneity and can see that Centers deviate greatest from other positions in terms of 

heterogeneity. Given that the fit is still poor, and conclusions from this model must be taken with caution.  

One potential driver for this observation could be the possibility certain players play multiple positions 

and though classified as a Center, have played other positions and made three-point shots. Therefore, the 

positive count of shots would drive the model to believe there is significant heterogeneity. If possible, I 

would better segment players that play Center and other positions like Power Forward which could have 

significantly different propensities to score in comparison to solely Center players. 

Conclusion 

 Throughout these three models, I’ve been able to glean further insight into the varying degrees of 

heterogeneity among NBA players and take steps towards understanding taking and making the most 
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difficult shot in basketball. Players are heterogeneous across the league, within teams, and even within 

positions in terms of their propensities to score. However, there are varying degrees of heterogeneity at the 

team level, driven by strategy, and at the position level, driven by skillset. Though the models may not 

exhibit the best fit, I’ve been able to learn a lot about subgroups and estimating parameters within them. 

 Looking forward, I hope to better model the data by incorporating covariate data to a count set 

on the number of attempts made or opportunities given at a more granular level in terms of passes or 

opportunities spent instead with a 2-point shot.
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