
International Journal of Sports Science 2025, 15(1): 1-10 

DOI: 10.5923/j.sports.20251501.01 

 

The More Rules and Strategies of Basketball Change,  

the More Winning Characteristics Remain the Same:  

An Analysis of NCAA Women’s Competition  

Timothy A. Whitesel
1,*

, Hannah M. Varel
2
, Natalie G. Sweeney

3
, Juli L. Fulks

1
 

1Athletics Department, Marshall University, Huntington, West Virginia, USA 
2Department of Physical Education and Athletics, Transylvania University, Lexington, Kentucky, USA 

3Library, University of South Carolina Upstate, Spartanburg, South Carolina, USA 

 

Abstract  The aim of this study was to quantitatively evaluate game-related characteristics of NCAA women’s basketball 

games, their recent evolution, and their relationship to winning. We analyzed 30 variables from Division I and Division III 

games during the 2009-2010 and 2019-2020 seasons. We used planned comparisons to evaluate Divisions within a season as 

well as between seasons within a Division. To determine if there were characteristics that differentiated wins and losses, we 

conducted linear discriminant analyses. Characteristics that differed between Divisions were relatively few in the 2009-2010 

season (5) but increased nearly 3-fold by the 2019-2020 seasons (14). Changes to game strategies were evident in both 

Divisions, dominated by an emphasis on three-point shooting, and most pronounced in Division I. A small subset of 

characteristics, focused around points per possession and the number of defensive rebounds, were consistently useful for 

differentiating between wins and losses. There appears to be a mismatch between the evolution of game strategy and 

characteristics important to winning. To maximize the number of games won, it appears important for a team’s strategy to 

consider how the team’s strengths are best integrated to maximize the number of points per possession and not, necessarily, 

emphasize three-point shooting.  
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1. Introduction 

Basketball is a multifaceted game. Each game involves  

the complexity of integrating what can be considered the six, 

distinct phases of defensive transition, defense, defensive 

rebounding, offensive transition, offense and offensive 

rebounding. Each phase has various components, many of 

which can be characterized statistically [e.g. 1]. For more 

than 50 years, statistics associated with basketball have been 

used to help coaches and players, understand individual and 

team performance [e.g. 2]. Many of these statistics can also 

be reflective of the success of a team [e.g. 3].  

Quantitative analysis of statistics, or analytics, is 

transforming the game of basketball [4]. Investigations on 

the relationship between game-related characteristics and 

winning (or losing) basketball games began over 30 years 

ago [5]. Initial reports suggested that points per possession, 

shooting percentage from the field, free throw opportunities, 

turnovers, and rebounding were the factors most important to 
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winning games and should be the focus of a team’s strategy 

[5,6]. The number of these types of analyses has increased 

substantially in the past 20 years and now include both men’s 

and women’s teams, competitive levels ranging from youth 

to professional, and games in numerous countries [e.g. 3,7,8]. 

Despite this proliferation, analyses associated with women’s 

basketball in the National Collegiate Athletic Association 

(NCAA; United States of America and Canada) are difficult 

to find for any period [9]. This absence is particularly noteworthy 

given that statistics associated with the modern NCAA 

women’s game are more abundant [e.g. 10,11], and the game 

is more popular [12], than ever before. Notwithstanding the 

abundance of statistics, whether and which specific game- 

related characteristics are associated with winning is not well 

understood.  

The game of basketball is evolving rapidly [e.g. 13], which 

can complicate interpretations from quantitative analyses 

[14]. This evolution includes the players, whose size, speed 

and strength as well as their focus on nutrition is greater than 

ever [15]. It also includes numerous and continuous rule 

changes, often designed to maximize the attractiveness of the 

game [16]. Much of the evolution of the game and strategies 

appears to be directly or indirectly in response to rule changes 

mailto:twhitesel@transy.edu


2 Timothy A. Whitesel et al.:  The More Rules and Strategies of Basketball Change, the More 

Winning Characteristics Remain the Same: An Analysis of NCAA Women’s Competition 

 

[17]. The rapid evolution of basketball may generally, and 

perhaps best, be illustrated by the women’s game [18,19]. 

This is particularly true when considering changes to the 

rules governing play in the NCAA. Specifically, 2011-2018 

was a period of numerous and substantial rule changes 

(PNSRC) in NCAA women’s basketball [20]. Some of the 

more significant changes included disallowing the hand-check 

and reducing the allowable points of contact when defending 

players that have their back to the basket; the addition of a 

restricted area underneath the basket; play occurring over 

four, 10 minute quarters rather than 2, 20 minutes halves; 

once there are five team fouls in a period, a player being 

awarded two free throws after a common foul (rather than a 

one plus one situation after seven team fouls); the ability for 

teams to use a timeout and advance the ball when there is less 

than one minute to play; and moving the three-point line to 

632.5 cm (20’9”). Common themes that were, at least in part, 

the impetus for these changes included player safety, improving 

the flow of the game to create greater appeal to viewers, and 

standardizing the game internationally. Although many have 

speculated [21], a rigorous evaluation of whether and how 

game strategy and winning characteristics of the NCAA 

women’s basketball teams have evolved has not been 

reported. 

The aim of this study was to assess the recent evolution  

of strategies and winning characteristics of NCAA women’s 

basketball teams. We focused on information from what  

are generally considered two, distinct competitive levels   

of the NCAA, Division I (D1, nominally the highest level of 

competition) and III (D3, nominally the third level of competition 

in the NCAA). These Divisions are characterized by a 

distinct set of athletes and resources. Although participation 

in NCAA basketball is more than a simple function of 

athletic ability [22], all of these athletes are relatively elite. 

This is exemplified by only 4.5% of girls who play high 

school basketball participating at any NCAA level [23]. 

Moreover, of that group, only 31% are selected to play at the 

D1 level. In addition, D1 athletes receive an average of 

approximately $20,000 (USD) annually for providing their 

athletic services to a school [24] whereas D3 schools do not 

offer athletic scholarships. Finally, D1 programs historically 

have approximately five times the monetary resources to 

support and develop their athletes and teams [25] than do D3 

programs [26]. We also focused on information from two 

seasons, 2009-2010 and 2019-2020. These seasons were 

immediately prior to or following the PNSRC, or period 

when the game was poised to experience a significant 

evolution. We asked whether game-related characteristics i) 

were similar between competitive levels, ii) were similar 

before and after the PNSRC, and iii) could be used to 

differentiate winning and losing teams. We also asked 

whether any differentiating characteristics iv) were similar 

between competitive levels, v) were similar before and after 

the PNSRC, and vi) exhibited specific thresholds associated 

with wins and losses.  

2. Methods 

2.1. Study Groups 

We evaluated women’s basketball games associated with 

competition in NCAA, regular season contests. We focused 

on games played during the 2009-2010 and 2019-2020 

seasons. Within these seasons we evaluated teams from two 

competitive levels, D1 and D3. Thus, our four study groups 

were i) D1 teams from the 2009-2010 season, ii) D3 teams 

from the 2009-2010 season, iii) D1 teams from the 2019- 

2020 season, and iv) D3 teams from the 2019-2020 season.  

2.2. Data 

The data used in this investigation was gathered from 

standard box scores that were readily available on the internet 

[e.g. 27]. Although box scores may not be 100% accurate 

[28], we assumed they were the most accurate data that was 

summarized, available and would not result in a bias to the 

analysis [1,29] if playing locations were balanced [28]. Thus, 

for each of the four study groups, we randomly selected a 

team (focal team) and then game from which to collect data. 

Preliminary analysis indicated that approximately 75% of 

games are decided by no more than 25 points and reflective 

balanced (the norm for competitive) games, while those 

decided by more extreme margins (e.g. 52 points) are likely 

unbalanced games [30]. Thus, for the purposes of this 

investigation, games decided by more than 25 points were 

excluded from subsequent analysis. In addition, we reasoned 

that games that were not decided in regulation time or were 

decided by three points (one possession) or less (close games) 

did not provide clarity on which was the better team [31,32]. 

We also excluded close games from subsequent discriminant 

analyses. For each study group, this process was repeated 

until we had collected data for a minimum of 100 games that 

met our criteria for inclusion. 

2.3. Statistics and Variables 

Data for each game focused on statistics associated with 

the team of interest (FOCAL TEAM) and included 36 variables. 

Variables typically available from standard box scores 

included the FOCAL TEAM, their OPPONENT, the number 

of points scored (PPG), field goals attempted (FGA), field 

goals made (FGM), field goals attempted from outside the 

three-point line (3FGA), field goals made from outside the 

three-point line (3FGM), free throws attempted (FTA), free 

throws made (FTM), offensive rebounds (OREB), defensive 

rebounds (DREB), personal fouls (PF), assists (ASST) and 

turnovers (TO). For the purpose of calculating point margin 

and rebounding percentages, we also collected data on the 

points scored by the OPPONENT (OPPG) as well as the 

number of the OPPONENT’s offensive rebounds (OOREB) 

and defensive rebounds (ODREB). From these variables, we 

derived 19 additional variables.  

Many of the additional variables we assessed are common. 

For the FOCAL TEAM these included: the percent of attempts 
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that were made (3FG%) from outside the three-point line; the 

number of field goals attempted (2FGA) or made (2FGM) as 

well as the percent of attempts that were made (2FG%) from 

inside the three-point line; and the percent of free throw 

attempts that were made (FT%). Other variables we assessed 

are intuitive. These included: the final point differential of 

the game (OUTCOME) which was positive for a win and 

negative for a loss; the percent of the total points that resulted 

from free throws (%P1), from 2FGM (%P2), or from 3FGM 

(%P3); the percent of FGAs taken from inside the three-point 

line (%2FGA), or outside the three-point line (%3FGA);  

the percent of FGAs that were missed and resulted in an 

offensive rebound (OREB%) or defensive rebound (DREB%); 

the percent of FGMs that were associated with an assist 

(ASST%); the percent of POSS that resulted in a TO (TO%); 

points per possession (PPPOSS); and points per field goal 

attempt (PPFGA).  

In addition, in a given game, we estimated the number   

of possessions for a given team and the shot opportunities  

per possession. For the estimation of possessions, it was 

necessary to determine the number of possessions that 

included FTA, the number of FTA for each, and whether   

the possession already included a FGA. For both seasons  

and Divisions, we randomly selected 30 different games  

and one of the teams in each game. For each of these teams, 

we evaluated all of the possessions that resulted in at least 

one free throw, enumerated the number of FTA for those 

possessions, and differentiated each possession by whether 

they included a FGA. In total, we evaluated more than 200 

possessions from each season and each Division (or more 

than 800 total possessions). In D1 and D3 games from the 

2009-2010 season, the number of FTA that corresponded 

with one, additional possession in a game was 1.669 and 

1.656, respectively. In D1 and D3 games from the 2019-2020 

season, the number of FTA that corresponded with one, 

additional possession in a game was 1.851 and 1.816, 

respectively.  

For games from the 2009-2010 season the number of 

possessions (POSS) for D1 (1) and D3 (2) teams, respectively, 

was calculated as: 

 POSS = FGA + TO + FTA/1.669 (1) 

 POSS = FGA + TO + FTA/1.656 (2) 

For games from the 2019-2020 season the number of 

possessions (POSS) for D1 (3) and D3 (4) teams, respectively, 

was calculated as: 

 POSS = FGA + TO + FTA/1.851 (3) 

 POSS = FGA + TO + FTA/1.816 (4) 

Our estimation of POSS is aligned with the concept that 

once a shot is attempted neither team possesses the ball and 

that each team has an ability to possess the ball after a missed 

shot attempt [33]. We considered and OREB the start of 

another possession rather than another play within an 

ongoing possession [e.g. 1].  

For games from the 2009-2010 season the percent of 

possessions that resulted in scoring opportunities (SOPPOSS) 

for D1 (5) and D3 (6) teams, respectively, was calculated as: 

 SOPOSS = ((FGA + FTA/1.669)/POSS)*100 (5) 

 SOPOSS = ((FGA + FTA/1.656)/POSS)*100 (6) 

For games from the 2019-2020 season the scoring 

opportunities per possession (SOPPOSS) for D1 (7) and D3 

(8) teams, respectively, was calculated as: 

 SOPOSS = ((FGA + FTA/1.851)/POSS)*100 (7) 

 SOPOSS = ((FGA + FTA/1.816)/POSS)*100 (8) 

We focused on variables that are commonly considered to 

be relatively significant to the outcome of games. In addition, 

to provide a reasonable amount of data for analyses, we 

limited the total number of variables to approximately one 

third of the overall sample size [34].  

2.4. Analysis 

To characterize D1 and D3 teams in each season, we 

developed summary statistics (e.g. mean) for each variable. 

To evaluate the characteristics of teams from different 

seasons, we compared variables between the two seasons 

within a Division. To evaluate the characteristics of teams 

from different competitive levels, we compared variables 

between the two Divisions within a season. This resulted in a 

comparison of each variable, between seasons within a 

Division as well as within a season but between Divisions, 

for a total of four, planned comparisons (of the six possible 

comparisons). To make these comparisons we used a Student’s 

t-test (two-tailed). Significance was accepted when P < 0.05 

which, after a Bonferroni correction for the planned 

comparisons, was adjusted to P < 0.0125 [35].  

To evaluate whether variables from each of these four 

datasets would allow us to differentiate between teams that 

won or lost games, we conducted a linear discriminant 

analysis on each dataset. We used a forward, stepwise 

selection process with proportional priors to determine if and 

which variables would enter into a discriminant model. The 

significance level for both acceptance into and removal from 

the discriminant model was set at α = 0.05. If the stepwise 

selection process resulted in a significant set of explanatory 

variables, we used those to develop discriminant functions 

associated with winning or losing a game. For each dataset, 

the majority of the variables did not exhibit a linear relationship 

with each other and those that were correlated were not 

consistent between datasets. Although partial multicollinearity 

between explanatory variables can inflate variation, make it 

difficult to detect significance, and complicate the interpretation 

of discriminant analysis [36] it does not negate the 

appropriateness of the approach or confidence in the 

conclusions [37]. Furthermore, linear discriminant analysis 

generally performs well even if the assumption of common 

covariance matrix among groups and normality are violated 

[38].  

To characterize the performance of each discriminant model 

we created a confusion matrix from which we calculated the 
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accuracy, precision, sensitivity and F-1 score of each model. 

The performance of the models was further validated by 

using the leave-one-out technique [39] with the existing 

datasets. In addition, we conducted an exercise in which the 

original data used from the 2019-2020 season was treated  

as a training dataset to develop the discriminant functions, 

and then validated those functions against a test dataset that 

was developed from 20, randomly selected games from the 

2019-2020 season (not already included in the training 

dataset). This validation procedure was applied to each Division 

and the percent ( 95% CI, Clopper Pearson) of game 

outcomes that were classified correctly was determined.  

Finally, we explored whether there was an absolute 

threshold for a given variable, above or below which you 

would always expect a win or a loss (non-overlapping). 

There is no standard metric to quantify the separation of 

distributions and determine absolute cut points or thresholds 

[40,41]. However, we evaluated the relationship between  

the OUTCOME and the distribution of the values for wins 

and losses of each explanatory variable. Specifically, each 

explanatory variable had a distribution associated with wins 

and a distribution associated with losses. We used Dixon’s Q 

test to determine the values for each distribution (e.g. DREB 

for wins) at which anything more extreme would represent 

an outlier ( = 0.01) to the distribution being assessed.   

We then assessed whether the paired distribution (e.g. DREB 

for losses) contained any values that were beyond the outlier 

values. If they did, we considered the outlier value an absolute 

threshold, above or below which a win or a loss would 

essentially be certain. 

3. Results 

The D1 database from the 2009-2010 season included 130 

different games and 174 unique teams. The D1 database 

from the 2019-2020 season included 123 different games and 

167 unique teams. The D3 database from the 2009-2010 

season included 129 different games and 186 unique teams. 

The D3 database from the 2019-2020 season included 150 

different games and 200 unique teams. 

3.1. Descriptive Statistics 

Of the 36 variables that were considered, three   

(FOCAL TEAM, OPPONENT, OUTCOME) were used for 

categorization and three (OPPG, OOREB, ODREB) were 

opponent variables used for derivation purposes. Planned 

comparisons were conducted for the remaining 30 variables. 

Eleven of these variables (FTM, FT%, 2FGM, 2FG%, 

OREB, OREB%, DREB%, PF, ASST, ASST%, PPFGA) 

were similar between seasons within a Division as well as 

within a season between Divisions (Table 1). The other 

nineteen of these variables exhibited some level of difference. 

The majority of the variables that exhibited differences 

(%P1, %P2, %P3, FGA, FGM, 3FGM, 3FG%, 2FGA, PPG, 

TO%, SOPPOSS) were related to the D1, 2019-2020 season. 

3.2. Discriminant Analyses 

For each dataset, the stepwise selection process resulted in 

four or five explanatory variables (Table 2). The variables 

PPPOSS and DREB were significant explanatory variables 

in each discriminant model. In some models, explanatory 

variables also included OREB%, PF, FTA, DREB%, OREB 

and FGM. The explanatory variable with the greatest 

influence on each discriminant function (or largest structure 

coefficient) was either PPPOSS or DREB. 

3.3. Model Performance 

Based on confusion matrices (Table 3) and cross-validation, 

each discriminant model performed well. The discriminant 

model for D1 in the 2009-2010 season had an accuracy of 

76.4%, precision of 76.5%, recall of 75.0% and F-1 statistic 

of 75.7%. The discriminant model for D1 in the 2019-2020 

season had an accuracy of 76.9%, precision of 77.6%, recall 

of 78.9% and F-1 statistic of 78.2%. The discriminant model 

for D3 in the 2009-2010 season had an accuracy of 81.2%, 

precision of 82.5%, recall of 83.9% and F-1 statistic of 

83.2%. The discriminant model for D3 in the 2019-2020 

season had an accuracy of 79.2%, precision of 80.4%, recall 

of 81.8% and F-1 statistic of 81.1%. Similarly, when models 

were applied to test datasets, 80.0% (95% CI, 62.1-91.8%) 

and 85.0% (95% CI, 63.3-93.8%) of the outcomes were 

classified correctly by the D1 and D3 models, respectively, 

from the 2019-2020 season. 

3.4. Absolute Thresholds 

In general, there was substantial overlap in the distributions 

of each explanatory variable that was associated with the 

OUTCOME of a game, with no clear absolute threshold (or 

cut point) differentiating wins and losses. For example, in D1 

games during the 2019-2020 season, DREB for teams that 

lost a given game ranged from 13-36 while for teams that 

won a given game the range was 15-41 (Figure 1). All teams 

that had fewer than 15 DREB in a given game lost, but there 

was only one case. All teams that had more than 36 DREB in 

a given game won, but there were only four cases. Similarly, 

PPPOSS for teams that lost a given game ranged from 

0.50-0.99 while for teams that won a given game the range 

was 0.58-1.09. All teams that scored fewer than 0.58 PPOSS 

in a given game lost, but there were only four cases. All 

teams that scored more than 0.99 PPPOSS in a given game 

won, but there were also only four cases. Overall, the four 

discriminant models resulted in 19 explanatory variables 

yielding 38 total distributions associated with either wins or 

losses. Thirty five (92.1%) of those distributions did not have 

an absolute threshold, and four of these were completely 

within their paired distribution. Three (7.9%) of those 

distributions did exhibit an absolute threshold. In D1 games 

during the 2009-2010 season, > 45 FTA was an absolute 

threshold for wins. In D3 games during the 2009-2010 

season, > 43 FTA was an absolute threshold for wins and < 

0.43 PPPOSS was an absolute threshold for losses. 
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Table 1.  Characterization (Mean, 95% CI) of 30 Variables from Four Databases (Division, Season). Variables were PPG (Points Per Game), FGA (Field 
Goals Attempted), FGM (Field Goals Made), 3FGA (Three-Point Field Goals Attempted), 3FGM (Three-Point Field Goals Made), FTA (Free Throws 
Attempted), FTM (Free Throws Made), OREB (Offensive Rebounds), DREB (Defensive Rebounds), PF (Personal Fouls), ASST (Assists), TO (Turnovers), 
2FGA (Two-Point Field Goals Attempted), 2FGM (Two-Point Field Goals Made), %P1 (Percent of Total Points from Free Throws), %P2 (Percent of Total 
Points from Two-Point Field Goals), %P3 (Percent of Total Points from Three-Point Field Goals), %3FGA (Percent of Field Goals Attempted that were 
Three-Point Field Goals), %2FGA (Percent of Field Goals Attempted that were Two-Point Field Goals), 3FG% (Three-Point Field Goal Percent), 2FG% 
(Two-Point Field Goal Percent), FT% (Free Throw Percent), OREB% (Offensive Rebound Percent), DREB% (Defensive Rebounding Percent), ASST% 
(Assist Percent), POSS (Possessions), TO% (Turnover Percent), PPPOSS (Points Per Possession), PPFGA (Points Per Field Goal Attempt), SOPPOSS 
(Scoring Opportunities Per Possession). Four, Planned Comparisons were Conducted for Each Variable. A) I, 2009-2010 V. I, 2019-2020; B) I, 2009-2010 V. 
III, 2009-2010; C) I, 2019-2020 V. III, 2019-2020; D) III, 2009-2010 V. III, 2019-2020). Significance Indicates Which Comparisons Exhibited a Statistical 
Difference. NS = No Statistical Difference 

 
Database  

Variable I, 2009-2010 I, 2019-2020 III, 2009-2010 III, 2019-2020 Significance 

PPG 62.4 (1.84) 66.0 (2.55) 62.4 (2.02) 64.4 (2.23) A 

FGA 56.3 (1.42) 60.1 (1.34) 57.5 (1.63) 59.8 (1.57) A 

FGM 22.5 (0.72) 24.1 (0.78) 22.1 (0.81) 23.3 (0.90) A 

3FGA 15.9 (0.99) 21.8 (1.27) 15.0 (0.96) 18.7 (1.41) A, C, D 

3FGM 5.1 (0.50) 6.9 (0.51) 4.4 (0.41) 5.2 (0.57) A, C 

FTA 18.6 (1.37) 15.8 (1.19) 20.5 (1.42) 17.6 (1.40) A, D 

FTM 12.2 (1.02) 10.9 (0.88) 13.8 (1.14) 12.6 (1.07) NS 

OREB 12.6 (0.85) 11.8 (0.78) 13.0 (0.95) 11.7 (0.77) NS 

DREB 24.4 (0.88) 25.5 (0.88) 26.7 (1.05) 26.9 (0.99) B 

PF 17.3 (0.75) 16.3 (0.70) 17.2 (0.82) 16.7 (0.97) NS 

ASST 12.4 (0.72) 13.4 (0.76) 12.0 (0.82) 12.8 (0.98) NS 

TO 17.2 (0.80) 15.2 (0.81) 19.3 (1.09) 17.7 (1.00) A, B, C 

2FGA 40.4 (1.42) 38.3 (1.43) 42.5 (1.41) 41.1 (1.55) C 

2FGM 17.4 (0.70) 17.2 (0.81) 17.8 (0.80) 18.1 (0.94) NS 

%P1 19.6 (1.47) 16.5 (1.21) 22.1 (1.60) 19.5 (1.50) C 

%P2 56.2 (1.94) 52.0 (1.94) 57.0 (1.86) 56.2 (2.21) C 

%P3 24.2 (2.15) 31.6 (2.14) 20.9 (1.95) 24.2 (2.57) C 

%3FGA 28.3 (1.66) 36.3 (1.89) 26.0 (1.49) 31.1 (2.06) A, C, D 

%2FGA 71.7 (1.66) 63.7 (1.89) 74.0 (1.49) 68.9 (2.06) A, C, D 

3FG% 31.6 (2.35) 31.9 (1.63) 29.0 (2.55) 27.2 (2.11) C 

2FG% 43.8 (1.71) 45.1 (1.65) 42.0 (1.58) 44.2 (1.73) NS 

FT% 66.0 (2.42) 69.4 (2.55) 67.0 (2.48) 71.3 (2.38) NS 

OREB% 33.6 (1.77) 30.7 (1.57) 33.3 (1.72) 30.8 (1.56) NS 

DREB% 66.7 (1.42) 68.8 (1.73) 67.0 (1.82) 67.8 (1.83) NS 

ASST% 54.8 (2.39) 55.4 (2.58) 53.7 (2.95) 54.2 (3.36) NS 

POSS 83.2 (1.42) 83.5 (1.36) 89.0 (1.77) 88.1 (1.66) B, C 

TO% 20.8 (0.99) 18.2 (0.94) 21.7 (1.18) 20.2 (1.10) A, C 

PPPOSS 0.75 (0.021) 0.79 (0.020) 0.70 (0.020) 0.73 (0.021) A, B, C 

PPFGA 1.13 (0.038) 1.11 (0.034) 1.10 (0.033) 1.09 (0.038) NS 

SOPPOSS 0.83 (0.010) 0.85 (0.010) 0.80 (0.012) 0.81 (0.011) A, B, C 
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Table 2.  Results of a Discriminant Analyses for Games from Each Division and Season. Game Variables are those that Were Significant After a Stepwise 
Selection Process and Included in the Discriminant Model. The Analysis Resulted Discriminant Function Coefficients Associated with a Loss (L) or Win (W) 
as well as Canonical Structure Coefficients and Evaluations of Statistical Significance. PPPOSS, Points Per Possession; DREB, Number of Defensive 
Rebounds; PF, Number of Personal Fouls; FTA, Number of Free Throws Attempted; OREB%, Percent of Field Goals Attempted that were Missed and 
Resulted in an Offensive Rebound; FGM, Number of Field Goals Made; DREB%, Percent of Field Goals Attempted by the Opponent that were Missed and 
Resulted in a Defensive Rebound; OREB, Number of Offensive Rebounds 

Division Season Variables 

Discriminant 

Function 

Coefficients, L 

Discriminant 

Function 

Coefficients, W 

Structure 

Coefficients 
Significance 

I 2009-2010 PPPOSS 68.12 78.67 0.72  

  DREB 0.95 1.07 0.42  

  PF 0.76 0.56 -0.41  

  FTA 0.03 0.11 0.38  

  OREB% 0.42 0.47 0.30  

  Constant -49.04 -59.82   

  Wilks’ Lambda    0.621 

  Eigenvalue    0.610 

  P    < 0.001 

 2019-2020 PPPOSS 126.44 145.50 0.62  

  DREB 1.72 2.00 0.62  

  OREB% 0.73 0.85 0.41  

  FGM -1.22 -1.47 0.41  

  Constant -64.17 -83.89   

  Wilks’ Lambda    0.588 

  Eigenvalue    0.701 

  P    < 0.001 

III 2009-2010 PPPOSS 122.89 143.41 0.71  

  DREB 1.53 1.78 0.42  

  OREB% 0.68 0.79 0.32  

  FTA 0.12 -0.06 0.27  

  PF 0.76 0.56 -0.11  

  Constant -73.69 -96.38   

  Wilks’ Lambda    0.518 

  Eigenvalue    0.932 

  P    < 0.001 

 2019-2020 PPPOSS 105.45 122.20 0.65  

  DREB% 0.76 0.83 0.55  

  DREB 0.81 0.96 0.51  

  PF 0.42 0.31 -0.24  

  OREB 1.62 1.83 0.23  

  Constant -83.72 -105.38   

  Wilks’ Lambda    0.554 

  Eigenvalue    0.804 

  P    < 0.001 

Table 3.  Confusion Matrix for Division I and Division III Games from the 2009-2010 and 2019-2020 Seasons 

Division Season Actual Result Classified as a Win Classified as a Loss 

I 2009-2010 Win 39 13 

  Loss 12 42 

I 2019-2020 Win 45 12 

  Loss 13 38 

III 2009-2010 Win 47 10 

  Loss 9 35 

III 2019-2020 Win 45 11 

  Loss 10 35 
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Figure 1.  The relationship between (A) the number of defensive rebounds 

(DREB) or (B) points per possession (PPPOSS) and the final point margin 

(OUTCOME) of Division I games during the 2019-2020 season. Wins 

(solid circles) are reflected by positive final point margins while losses 

(open diamonds) are reflected by negative final point margins 

4. Discussion  

A primary factor associated with whether a NCAA 

women’s basketball team won or lost a basketball game was 

the number of points a team scored during each possession 

was. This was demonstrated in both Divisions and during 

both seasons, where PPPOSS was one of the top two variables 

differentiating winning and losing teams. In addition, structure 

coefficient values for PPPOSS in discriminatory models 

ranged from 0.62-0.72, substantially greater than 0.30 

threshold often considered meaningful [42]. This finding is 

consistent with that of Hofer [5] who, in one of the original 

quantitative analyses of basketball, also found that points per 

possession was a significant factor differentiating between 

winning and losing teams in men’s college basketball.     

In general, however, few analyses have evaluated points per 

possession directly. Given this, it is instructive to consider 

the components of a basketball game that influence points 

per possession. Points per possession is, at least in part, a 

function of a team’s field goal and free throw percentages 

(positive relationship) as well as turnover rate (negative 

relationship). Many studies have reported the significance of 

both field goal or free throw efficiency and turnover rate to 

differentiating wins and losses in basketball [e.g. 6,7,31,43]. 

However, which of the specific characteristics (e.g. 3FG%, 

TO%) that were significant factors was not consistent in 

these studies. Furthermore, in our study, many of the 

components of PPPOSS (e.g. 2FGM, 2FG%, 3FGM, 3FG%) 

were not significant discriminatory factors. Thus, while it 

may seem intuitive that scoring more points per possession 

would be associated with winning, how that is achieved is 

less clear. There are multiple ways to improve points per 

possession, which is an integration of numerous variables.  

The number of defensive rebounds a team accrued was 

also one of the most significant factors associated with whether 

a NCAA women’s basketball team won or lost a basketball 

game. Similar to PPPOSS, DREB was consistently one of 

the top variables differentiating winning and losing teams. 

The structure coefficient values for DREB in discriminatory 

models ranged from 0.42-0.62, again emphasizing their 

importance. This finding corroborates what many, perhaps 

most, of the previous analyses have reported. The importance of 

defensive rebounds has been demonstrated for both men [44] 

and women [42,45], in multiple countries or leagues [7,46] 

and across multiple age classes [10,31]. However, not all 

studies have found defensive rebounds to be useful for 

discriminating success. For example, Madarame [42] did not 

find defensive rebounds to be discriminatory for games played 

in Asian women’s championships. Madarame suggested that 

turnover rate may have been sufficiently high that it reduced 

the opportunity for and importance of defensive rebounding. 

In addition, Ibáñez et al. [3] did not find defensive rebounds 

to be discriminatory when the criterion was season-long 

success, rather than an individual game. They found assists 

were the primary factor and suggested the importance of team 

play to season-long success. Despite this, it is reasonable to 

infer that season-long success is related to winning or losing 

individual games. Thus, while each of these findings are 

important, they describe somewhat unique circumstances and 

must be interpreted in the proper context. Given the overall 

weight of evidence, it seems clear that defensive rebounding 

is generally of primary importance to winning games.  

The most significant game-related characteristics associated 

with winning basketball persisted through time. This notion 

is supported by our finding that the significance of PPPOSS 

and DREB was evident during the 2009-2010 season and 

then again in the 2019-2020 season. While this time span   

was only 10 years, these seasons bracketed a significant 

period of rules changes, an opportunity for changes to the 

game [16], and 14-18 years can represent an era [14].      

In addition, this finding was consistent in both levels of 

competition and is also consistent with studies outside of 

NCAA women’s basketball. The importance of defensive 

rebounds to differentiating winning and losing teams has 

been documented since some of the earliest quantitative 

analyses [47] and in each subsequent decade [see 43]. 

Furthermore, although few studies have directly evaluated 

points per possession, the importance of field goal efficiency, 

production from free throws and turnover rate (components 

of points per possession) has also been consistent [e.g. 

6,7,30,43] since quantitative analyses began to be reported 

[47,48,49]. In general, quantitative analyses of women’s 

basketball are limited [9,42], particularly for the NCAA.  

As such, a long-term assessments of winning characteristics 



8 Timothy A. Whitesel et al.:  The More Rules and Strategies of Basketball Change, the More 

Winning Characteristics Remain the Same: An Analysis of NCAA Women’s Competition 

 

for NCAA women is difficult to perform. Our work 

potentially represents a starting point for future assessments. 

In addition, our evaluation is consistent with what others 

have reported and furthers the notion that points per 

possession and the number of defensive rebounds has 

consistently remain important to winning basketball games.  

Characteristics important to winning games are best 

considered in combination. This was evidenced by our 

limited ability to identify an absolute threshold for any one 

characteristic that allowed wins and losses to be differentiated. 

For example, our analysis of D1 games in the 2019-2020 

season demonstrated that the characteristics PPPOSS, DREB, 

OREB%, FGM could be used to differentiate wins from 

losses. However, there was not an absolute threshold of any 

characteristic (e.g. DREB > 25) that appeared to correspond 

with the certainty of a win or a loss. Rather, the model 

indicated there were varying scenarios that were associated 

with winning games. A win might be predicted if a team 

performed slightly better than average in each discriminatory 

characteristic. Alternatively, a win might be predicted     

if a team performed exceptionally well in some of these 

characteristics and average (or at times below average) in 

others. Hofer [5] also found an overlap in the values of 

characteristics exhibited by winning and losing teams (e.g. 

no absolute threshold). Our findings are also consistent with 

models from various studies [e.g. 7,8,31] which demonstrated 

there are often multiple characteristics associated with 

differentiating wins and losses. Reports discussing the 

interaction of discriminating characteristics are not uncommon. 

Oliver [6] identified four factors as being central to success 

in basketball and described how holding one factor constant 

could influence the interpretation of another factor. In 

addition, it is important to consider these factors relative to 

both teams [1]. Cabarkapa et al. [43] reported that field goal 

percentage alone accounted for 13.6% of variance they 

observed in wins and losses. However, when they included 

free throw percentage and evaluated overall shooting 

efficiency, their model accounted for 23-26% of the variance 

they observed. Although it is possible for a single characteristic 

to be a critical discriminating factor [30], it is uncommon for 

one characteristic to adequately differentiate wins and losses.  

Game strategies in NCAA women’s basketball evolved 

rapidly, specifically with an increased emphasis on the 

three-point shot. This was evident in both Divisions and 

centered around changes associated with shot selection. In 

both cases, 3FGA as well as %FGA3 exhibited a 20-37% 

increase between the 2009-2010 and 2019-2020 seasons. 

The increases we observed were at the expense of %FGA2 as 

well as FTA. Given these changes were detectable after as 

short as a 10 year period helps to illustrate the rapid rate at 

which they evolved. This is similar to other reports that 

changes which are significant enough to define eras can 

occur in as little as 14-18 year periods [14]. Our finding may 

be reflective of a consistent trend in basketball, and not 

unexpected. Recent studies have quantified an increase in 

three-point attempts in Euroleague basketball [50] and an 

increase in the fraction of three-point attempts in NCAA 

men’s basketball [51]. The changes we noted are also consistent 

with various data sources on [e.g. 10] and speculation about 

[e.g. 21] the NCAA women’s game. However, our work 

represents one of the first quantitative analyses of this 

information. It was beyond the scope of this study to identify 

the specific causes of changes to game strategies. However, 

it is reasonable to suggest that the recent strategy may be 

driven to some extent by rule changes [16] and the use of 

statistics [42], both of which can affect how basketball     

is played. Whatever the causes, the effectiveness of this 

evolutionary path may be contrary to analyses suggesting 

that increases in the fraction of three-point shots can be 

counter-productive [51] and may not be associated with 

winning.  

The level of competition was related to how game 

strategies evolved in NCAA women’s basketball. Multiple 

lines of evidence support this claim. In the 2009-2010 season, 

we observed relatively few differences between D1 and D3 

games. When compared to D3 games, games in D1 were 

slower (lower POSS) and had fewer TOs leading to more 

SOPPOSS and PPPOSS. However, in the 2019-2020 season, 

D1 and D3 games exhibited differences in almost half of the 

variables we evaluated. Furthermore, the number of variables 

that differed between seasons in D1 games (12) was 

threefold greater than the number of variables that differed in 

D3 games (4). In addition to the changes noted previously, 

D1 games also exhibited an increase in 3FGM, FGA, FGM, 

SOPPOSS, PPPOSS and PPG as well as decreases in TO   

and TO% between the 2009-2010 and 2019-2020 seasons. 

Games in D3 did not exhibit any of these changes. Our 

findings are consistent with recent reports on evolving 

strategies in basketball. For example, in Euroleague games, 

Durmuş and Erdeveciler [50] also documented an increase in 

three-point field goals that were made and a decrease in 

two-point attempts. Although a limited number of studies 

have evaluated multiple competitive levels in the NCAA [e.g. 

28], we are not aware of any that have specifically evaluated 

the relationship between competitive level within a league or 

system and the evolution of game strategies. Again, it is 

useful to consider the relationship between components of a 

basketball game. It is possible that an increased emphasis on 

three-point shots may be consistent with a reduced need to 

pass or drive the basketball inside the three-point line, 

leading to fewer turnovers and a lower turnover rate which, 

ultimately, may allow for additional field goals to be attempted 

and made. Since the adoption of the three-point line, Stefani 

[51] documented a similar trend in NCAA men’s basketball. 

Although we observed D1 and D3 games to be evolving 

differently, whether one Division has the better strategy is 

unclear. 

5. Conclusions  

To our knowledge, our work represents one of the     

first, quantitative analyses of NCAA women’s basketball. 

We quantified how game strategies evolved over a relatively 

short period (10 years), perhaps in part as a result of 
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significant changes to the rules governing the game. Despite 

the change in strategies, the characteristics associated with 

winning generally remained consistent. Furthermore, these 

characteristics were similar to those that have been identified 

numerous times and since quantitative analysis began being 

applied to basketball. As a result, a mismatch may exist 

between how strategies are evolving and the characteristics 

associated with winning. In both Divisions and seasons,  

none of the characteristics useful for differentiating wins and 

losses were directly associated with three-point shooting. 

Also, rather than any single characteristic having a specific 

threshold associated with winning, it is likely that characteristics 

are best considered in combination. Thus, while it is undoubtedly 

important for game strategies to focus on the characteristics 

associated with winning [8], it may be equally important for 

strategies to consider the relative strengths of a team and  

how they best integrate the different phases of basketball to 

achieve a winning combination of characteristics [52]. 

ACKNOWLEDGEMENTS 

Although too numerous to list individually, the authors 

would like to thank the coaches and players of the women’s 

basketball teams at Lewis and Clark College (2004-2014) 

and Transylvania University (2014-2024) for inspiring the 

need for this analysis. We are also grateful to Loren Bewley 

and Neva Hauser for invaluable help with data collection; 

Robyn Fralick, and Lindsay Shade for discussions which 

improved the analysis; Jon Levinson and Connie Perkins    

for their expertise regarding the history of rule changes;    

as well as Holly Sheilley for providing the opportunity for 

this analysis to come to fruition. This study was conceived 

and completed during a period when each coauthor was 

professionally affiliated with Transylvania University. 

 

REFERENCES  

[1] Kubatko, J., Oliver, D., Pelton, K., and Rosenbaum, D. T., 
2007, A starting point for analyzing basketball statistics., J. 
Quant. Anal. Sports, 3, Article 1. 

[2] McGuire F., 1959, Defensive Basketball., J. Prentice Hall, 
Inc., New Jersey, USA.  

[3] Ibáñez, S. J., Sampaio, J., Feu, S., Lorenzo, A., Gómez, M. A., 
and Ortega, E., 2008, Basketball game-related statistics that 
discriminate between teams’ season-long success., Euro. J. 
Sport Sci., 8, 369-372. 

[4] Terner, Z., and Franks, A., 2021, Modeling player and team 
performance in basketball., Ann. Rev. Stat. Appl., 8, 1-23. 

[5] Hofer Jr., H. H., “A study of men's college basketball 
statistics and their relationship to winning and losing,” Dr. Ed. 
Dissertation, East Texas State Univ, Commerce, Texas, 1990. 

[6] Oliver, D., 2004, Basketball on paper: Rules and tools for 
performance analysis., Brassey's, Inc., Washington, DC, USA. 
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