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ABSTRACT 

Basketball is a game that demands a complete list of criteria to be enumerated in order to fully 

comprehend the game and assess strategy and decisions while limiting unpredictability. Its success 

heavily depends on identifying the players' playing styles both offensive and defensive, preferred and 

assembling the ideal team. This paper reviews a new perspective on analysis and evaluation of 

basketball team performance and players using both h-cluster and k-cluster techniques. Though there 

are known techniques for analysis and player performance evaluation which have been developed 

overtime, several other techniques have been proposed. However, cluster analysis hasn’t been much 

explored in player performance. This study used both the k-cluster and the h-cluster to assess and 

analyze the basketball team's and players' performance. There are 23 factors in the NBA player 

statistics from the 2017–2018 regular season that describe a team's overall offensive, defensive, 

offensive rebounding, and general capabilities. After standardizing the variables, two clustering 

techniques—hierarchical clustering and K-means clustering—were used to conduct the cluster 

analysis. K-means clustering produced superior outcomes than h-cluster. According to the study, 

participants in cluster 3 spend a lot more time than those in the other 3 clusters. The cluster 2 players 

spend the least amount of time. While players in cluster 2 scored very little throughout the 2017–2018 

season, players in cluster 3 end up with a lot more points. For offensive rebound (OREB), players in 

cluster 4 had higher values compared to other clusters. While cluster 4 had the highest blocks 

meaning players in cluster 4 are mostly defensive players. An overall analysis showed in details 

which player performed better generally and where to improve for next season. 
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1 INTRODUCTION 

asketball has been around for more than a century, and as the game changed and added new 

laws, so did the players. The NBA has advanced to the point where Point Guards pull down 10 

or more rebounds and Centers make 3-pointers with accuracy. Players 7 feet tall or above are 

adept at handling the ball as the primary ball handler, while players under 6 feet 6 receive playing 

time as Centers. With 82 games in a regular season that last roughly 24 weeks, the National 

Basketball Association (NBA) of the United States of America is the most competitive basketball 

league in the world. Throughout the entire competition time, the coaching staff must plan and 

supervise the training loads placed on players, a challenging process that puts a lot of physiological 

strain on the athletes and provide detailed and concise evaluation based on data gathered from the 

players every single match. For every match, there is an intense amount of preparation and process 

that had gone under. All players are required to manage their work load, study game plans and eat 

right whether they are starting or not. It is necessary to make adjustments throughout the season to a 
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number of changing unpredictable constraints like player injuries. Thus, it is essential for optimizing 

the choices made by the coaching staff regarding the individual training loads that practice sessions 

and game performance are continuously planned and monitored [1]. Using game-related statistics to 

assess technical and tactical conduct, as well as the effectiveness of players and teams throughout the 

season, is one of the most popular ways to keep track of sports performance. In studies reporting these 

characteristics, data from European league games is routinely included, but not data from NBA 

games. This research, which makes use of NBA data, attempts to remedy this discrepancy. In order to 

comprehend how players, interact with one another by spotting affordances, performance variables 

describe the dualities of the performer and the environment [2]. For instance, the assists most likely 

came about because open teammates provided the ball carrier with affordances. In fact, perception-

action coupling suggests that movement and information are interdependent [3]. Information drives 

movement, and movement drives information available to players. In this way, game-related statistics 

might shed light on players' perceptions and behavior. Additionally, they might offer a measure of co-

adaptation in the way that individuals work together as a team to adapt to little yet significant changes 

in one another's structure and function [4]. Following the turn of the millennium and in the early years 

of the new century, data and mathematical approaches to basketball emerged. Economists and 

statisticians tended to do this type of analysis for academic or recreational reasons. The National 

Basketball Association (NBA) began to pay closer attention as a sizable fan-based movement of data 

junkies grew daily. Numerous websites, including 82games, fivethirtyeight, Basketball-Reference, 

and the NBA website, now provide a very wide and comprehensive range of data, statistics, and in-

depth analysis about the NBA [5]. With the focus of this research being basketball, data-driven 

analysis paired with machine learning is increasingly used in most sporting events today. Sports 

provide a lot of information about the participants, the effectiveness of the teams, and the spectators. 

The vast volume of data at hand makes it possible to examine and make use of a lot of this data for 

player evaluation and team performance generally. It is elevating sports to a new level. Different 

individuals have worked on using data from team performance to evaluate or determine other aspects 

in sport. According on their on-court performances and statistical data over the course of a season, 

basketball players' roles and positions will be redefined as part of the initiative. Clustering techniques 

will be employed to evaluate and analyze performance of teams and players. 

2 LITERATURE REVIEW 

Using machine learning approaches (random forest, linear and non-linear regression models, 

multiple regression models, deep learning, and artificial neural networks (ANN)), [6] investigated the 

effects of injuries on basketball player and team performance. They determined which general health 

conditions and injuries were most prevalent in the NBA league over the past ten years (RQ1), which 

teams and players sustained the most injuries (RQ2), and how injuries affected NBA player and team 

performance in general from 2010 to 2020. (RQ3). No standardized form-based injury factor existed, 

which would have facilitated data entry for injury diagnosis and classification. [7] investigated how to 

increase youth interest in math and science by using basketball analytics. It looked at how sports 

analytics can give students who aren't typically interested in STEM (Science, Technology, 

Engineering, and Mathematics) a rigorous, yet practical application of math and statistics in data 

collection and analysis, which in turn allows them to be intrinsically motivated to use STEM concepts 

as a tool for basketball training. [8] sought to deliver important insights and advanced analytics for 

teams, technical personnel, and players in order to satisfy the growing need for innovative 

methodologies. Predicting a player's performance depends on a number of factors, including 

psychology, injury risk [9], poor shots in the first minutes of a game, and opponent match-ups, all of 

which have a significant impact on future performance but are challenging to describe and measure 

[6]. However, technical personnel and data analysts must assess these indicators, monitor and track 

performance, and ultimately make critical judgments for the team's upcoming hirings and selections 

[10]. The plus-minus statistic was enhanced in [11], and a new visual platform for investigating 

derived values was also included. [12] attempted to forecast NBA talent using a vast amount of 

tracking data from college basketball. [13] introduced a framework for machine-learning modelling 

for games’ outcomes and compared nine most commonly used algorithms for classification. The 

AdaBoost algorithm outperformed the others in this classification task. [14] developed a data-driven 

basketball web application for support in making decisions. The Basketball Coach Assistant (BCA) 
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gave decision-makers the crucial data they needed to train and coach basketball teams. The outcomes 

of the BCA information system's utilization were found to be beneficial for planning training 

exercises and for making strategic, tactical, and operational choices. [15] worked on heart rate 

analysis of high-level basketball players during training sessions. Leb Oro's team of eleven basketball 

players wore HR monitors for 12 training sessions, yielding 238 HR files. According to the positions 

they played during each exercise, the number of players, style of exercise, type of defense, field size, 

and duration were all taken into consideration (Guard, Forward and Centers). Based on the number of 

players or field size, no discernible variations were discovered. [16] applied data analytics as an 

alternative to subjective rankings of players in fantasy basketball. [17] explored factor analysis of 

measures of basketball players' physical and functional readiness. The study's findings showed that 

adding functional loop training (also known as suspension training) using TRX® to a basketball 

player's training regimen significantly improved both their overall physical performance and aerobic 

capacity. [18] explained how big data along with the SAPHANA platform has benefitted different 

sports using football and basketball as case study. [19] created an algorithm (Court Detection, 

Pedestrian Detection by Histogram of Oriented Gradients, and Color-Based Detection and 

Classification) that follows the motions of ten different players in a video of a basketball game. The 

goal of player monitoring was to give basketball coaches and organizations as much data as possible 

so they could better create defensive and offensive strategies. The model had a high degree of 

identification and tracking of the players in the court. 

3 METHODOLOGY 

Statistics for every player for 2017/2018 season were gathered by scraping data from Basketball-

Reference. Using custom R [20] scripts to gather box score data from basketball reference. Precisely 

there are 30 teams and had initially 23 variables related to their performance. 

3.1 Clustering 

For cluster analysis, quantitatively variables are needed hence 2 columns were removed. This 

was done to remove any data that might not case the algorithm to have an error as it requires only 

quantitative variables to run. The first column in the dataset specifies the name of the team. The 

fundamental box-score count statistic totals are abbreviated as in Table 1. 

Table 1. Acronyms for the basic box-score count statistic 

 aCRONYMS FOR THE BASIC BOX-SCORE 

1 FTM free-throws made 

2 P3A three-point shots attempted 

3 ORB offensive rebounds 

4 DRB defensive rebounds 

5 TRB all rebounds 

6 P2A two-point shots attempted 

7 P3M three-point shots made 

8 TOV turnovers 

9 FCM fouls committed 

10 FRV fouls received 

11 FTA free-throws attempted 

12 P2M two-point shots made 

13 AST assists 

14 BLK blocks 

15 STL steals 

Analysis was done using R [20] and packages ggplot2 [21]. One of the most straightforward 

and well-liked unsupervised machine learning algorithms is K-means clustering. Unsupervised 

algorithms typically draw conclusions from datasets using only input vectors without taking into 

account predetermined or labelled results. The x-axis captured the number of clusters while the y-axis 

captured BD/TD. BD is between deviant which captures the variability between the clusters and TD is 

the total variability. 
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3.2 K-means clustering 

K-means clustering [22] aims to partition the n observations into N (≤ n) sets S = 1, 2, . . . , Nk 

so as to reduce the within group sum of squares (SSW ). To be specific, its objective is to find: 

arg min ∑ ∑ ‖     ‖
 

    

 
           (1) 

where    is the cluster center of   . In K-means clustering, the following presumptions are necessary: 

1. The number of clusters is N = 6, according to the result of hierarchical clustering. 

2. The distance measure between observations is Euclidean distance, dist(   ,     = ‖   

   ‖. 

Introducing the algorithm: 

1. Randomly choose N “cluster centers” m1, m2, . . . , mN . 

2. Iterate until convergence (k = iteration number): 

a. Assign each xi to the closest mean 

   
   

  {     ‖      
   ‖

 
   ‖      

   ‖
 
             }                                              

b. Calculate the new means to be the centroids of the observation in the new cluster 

[25]. 

   
       

 

|  
   |

  ∑         
                                                                                                                    

3.3 Hierarchical clustering 

Hierarchical clustering seeks to build a hierarchy of clusters and the method needs a measure 

of similarity between clusters of observations as a requirement [23]. The Ward's approach, which tries 

to reduce the error sum of squares, will be used in this study [24]. Introducing the algorithm; 1. Start 

with each point in a cluster of its own, 2. Until there is only one cluster with size n: (a) Find the 

closest pair of clusters; (b) Merge them; (c) Compute distances between the new cluster and each of 

the old clusters, and 3. Return the tree of cluster-mergers. 

4 RESULTS AND DISCUSSION 

4.1 k-means clustering Result Analysis (k = 6) 

Looking at the chart in fig 1, the BD/TD was plotted against the number of clusters in the 

cluster graph to determine the optimal number of clusters to generate. The difference between each of 

the point in the graph was studied and number cluster 6 has the highest improvement (greater than 

9.5%). 

 
Figure 1. K - cluster graph to determine optimal number of clusters 
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Six spider plot was generated in fig 2 to show how the teams performed compared to average 

performance during the season. For example, teams in the first cluster, the dotted blue line is average 

performance during that season from all the teams, it was noticed that teams performed even lower 

than average performance in many cases and very slightly in some other cases. Also, on cluster 1, it 

was noticed the defensive rebound (RREB) was lower than the average performance. For 2 points 

attempted (PSA), teams under the cluster performed slightly above average. Also, there was an 

incredible high number of losses for teams in that cluster 1. For cluster 2, teams had high 3 points 

attempt as compared to the average performance. 

 

Figure 2. Six (6) k - cluster group 

Table 2 shows that cluster each team teams belong to. Milwaukee Bucks and Minnesota 

Timberwolves   both belong to cluster 6 while Cleveland Cavaliers and Boston Celtics belong to 

cluster 4. 

Table 2. Team and corresponding cluster they belong to 

 Label/Teams Cluster   Label/Teams Cluster 

1 Atlanta Hawks        1 16 Miami Heat        4 

2 Boston Celtics        4 17 Milwaukee Bucks        6 

3 Brooklyn Nets        4 18 Minnesota Timberwolves   6 

4 Charlotte Hornets        3 19 New Orleans Pelicans        5 

5 Chicago Bulls        1 20 New York Knicks        1 

6 Cleveland Cavaliers        4 21 Oklahoma City Thunder        3 

7 Dallas Mavericks        1 22 Orlando Magic        1 

8 Denver Nuggets        4 23 Philadelphia 76ers        5 

9 Detroit Pistons        4 24 Phoenix Suns        1 

10 Golden State Warriors        5 25 Portland Trail Blazers        4 

11 Houston Rockets        2 26 Sacramento Kings        1 

12 Indiana Pacers        6 27 San Antonio Spurs    6 

13 LA Clippers        3 28 Toronto Raptors        5 

14 Los Angeles Lakers        3 29 Utah Jazz        4 

15 Memphis Grizzlies        1 30 Washington Wizards        4 
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The plot generated in figure 2 is based on figure 3. Representation of each team and the 

cluster they belong to is showed in figure 3. Only 1 team Houston Rockets is in cluster 2 while cluster 

6 has 4 teams. 

 
Figure 3. Cluster list 

The plots in figure 2 seen for each cluster is based on values in figure 4 where the ridges are 

formed. 

 

Figure 4. Value representing the ridges of the cluster 

4.2 k-means clustering Result Analysis (k = 6) 

The hierarchical cluster is divided into 6 clusters as seen in figure 5 with the representation of 

where a particular team belongs to. 

 
Figure 5. dendrogram h-cluster of teams 
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Similar groups can be done for players as well. From the earlier observations, there are 605 

players and this might be difficult to put all the players in the plot. To reduce the number of players 

without adversely uttering the result of the evaluation, players who have played more than 2000 

minutes of basketball will be used which then gives 99 players. 99 players from the 2017/2018 season 

played more than 2000 minutes. 

 

Figure 6. k-Cluster graph for k = 4 

From figure 6, moving from cluster 2 to 4 has the highest improvement and also provides the 

optimal number of clusters to use. Moving from cluster 3 to 4 is 11% and moving from cluster 5 to 6 

is 9%, hence cluster 4 is picked as the optimal number. Figure 7 shows the division of k-cluster into 4 

cluster. It is observed that cluster 1 has some outstanding performance with both defensive rebound 

(REB) and offensive rebound (OREB) which means players in cluster 1 have an impressive rebound 

both offensively and defensively. Players in cluster 1 has have high number of blocks compared to 

average. Players in cluster 2 also have very high overall performance generally with high assist, high 

2 points attempted and number of points made. Also, free throws attempted and made were quite high. 

Players in cluster 3 are very close to the average (blue dotted line) while players in cluster 4 had 

below average season. 

 

Figure 7. k-cluster group 
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Figure 8 shows the players who belong to a particular cluster indicating where they belonged 

to. Players who belonged to cluster 2 had outstanding performances overall. The 3
rd

 group of players 

who were like very close to average and 4
th
 group had a poor performance during the 2017/2018 

basketball season. 

 

Figure 8. Players belonging to k-cluster group 

4.3 The Hierarchical cluster analysis 

Figure 9 showed that 3 to 4 cluster would provide the optimal number of clusters as moving 

from 3 to 4 gave the highest percentage difference. 

 

Figure 9. Optimal number of h-cluster 

Figures 10 and 11 shows the cluster list for h-cluster and where each player belongs to. The 

1
st
 clsuter contained players like Dennis Schroder in h-cluster. Figure 12 gave the standardized 

averages in each cluster from 1 to 4. 
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Figure 10. h-cluster list 1 and 2 

 

Figure 11. h-cluster list 3 and 4 

 

Figure 12. Standardized averages for each attribute 

For example, players in cluster 3 spend much more time compared to other 3 groups. Players 

in cluster 2 spend least amount of time. Players in cluster 3 end up with much more point while 

players in cluster 2 made very few points in 2017/2018 season. For OREB, players in cluster 4 had 

higher values compared to other clusters. While cluster 4 had the highest blocks meaning players in 

cluster 4 are mostly defensive players. 

5 CONCLUSIONS 

Based on the clustering analysis result, each player who had played at least 2000 mins of 

basketball were evaluated and analyzed using attributes such as FTA free-throws attempted, FTM 
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free-throws made, P2A two-point shots attempted and P3M three-point shots made. The study was 

able to determine which players or team had better offensive or defensive attributes overall. 

According to the study, participants in cluster 3 spent a lot more time than those in the other 3 

clusters. The cluster 2 players spent the least amount of time. While players in cluster 2 scored very 

little throughout the 2017–2018 season, players in cluster 3 ended up with a lot more points. For 

offensive rebound (OREB), players in cluster 4 had higher values compared to other clusters. While 

cluster 4 had the highest blocks meaning players in cluster 4 are mostly defensive players. An overall 

analysis showed in details which player performed better generally and where to improve. It is 

recommended that other ML techniques like Network analysis can be used for evaluation and analysis 

and compared with this study to know which had better evaluation metrics. 
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