
International	Journal	of	Social	Science	and	Education	Research																																																														Volume	4	Issue	2,	2021	

ISSN:	2637‐6067																																																																																																																										DOI:	10.6918/IJOSSER.202102_4(2).0009	

49 

Probability	Model	in	Sports	Event:	Evaluating	Team	Strength	and	
Predicting	Score	Differences	in	NCAA	Women	Basketball	Games	

Yuming Shi1, Yuan Feng2, Yiqi Zhu3 
1Revelle, University of California San Diego, La Jolla 92093, US 

2School of Insurance, Central University of Finance and Economics, Beijing 102206, China 
3Law School, Zhongnan University of Economics and Law, Wuhan, Hubei 430073, China 

Abstract	
In	real	life,	many	people	love	guessing	the	sports	game	outcome	before	the	game	starts.	
Although	it	seems	to	be	impossible	to	foresee	the	future	result,	the	game	outcome	can	be	
predicted	 to	 some	extent	by	using	data	analysis	and	modeling.	 In	 the	work,	 the	 first	
purpose	is	to	construct	a	model	based	only	on	game	score	records	from	the	NCAA	Women	
Basketball	dataset	and	explore	 the	 feasibility	of	using	 the	model	 to	predict	 the	game	
outcome	 in	 the	 future.	 The	 second	 one	 is	 to	 explore	 and	 quantify	 the	 home	 game	
advantage	to	see	the	degree	of	importance	of	the	game	location	by	using	the	model.	The	
results	show	 this	constructed	model	 is	a	 fairly	good	prediction	 tool	 to	 forecast	score	
differences	 and	 there	 is	 a	 significant	 effect	 of	 the	 home	 game	 advantage.	This	work	
achieves	the	goal	to	predict	game	outcome	and	also	serves	as	a	spur	to	induce	someone	
else	to	come	forward	with	a	more	complex	and	comprehensive	prediction	model.	
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1. Introduction	

1.1. Background	
NCAA (National Collegiate Athletic Association) is a sports association formed by nearly a 
thousand universities in the United States. Its main activities are various sports leagues held 
every year and one of the most concerned among them is the basketball league. According to 
statistics from the data company Statista in 2017, the NCAA “March Madness” received $1.285 
billion in advertising expenditures, second only to the Super Bowl’s $1.547 billion. According 
to the latest report from SportsPro Media in 2019, the total number of viewers of NCAA “March 
Madness” in the United States exceeded 100 million people, an increase of 31% over 2018; the 
cumulative viewing time exceeded 24 million hours, an increase of 29% year-on-year, which 
has been ranked No. 1 in the United States at the same period for 20 consecutive years, showing 
the great popularity of its events. 
Due to the uncertainty of the NCAA “March Madness” competition system results, people are 
willing to participate in the betting activity of the game results. The rule is to divide the 68 
teams across the country into four divisions for a single elimination match. Fans will guess the 
winners and losers based on the official match list announced before the match. In an interview 
with ESPN in 2014, former US President Barack Obama showed his guessing quiz about “March 
Madness”, and Warren Buffett even offered a reward of 1 billion USD to reward all fans who 
made the correct predictions. 

1.2. Previous	Works	
At present, most predictive analysis uses the team’s own strength indicators as a database, 
including: rebounds, steals, field goal percentage, free throw percentage, assists, blocks, 
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turnovers and fouls. Zeyong Jiang from Shanghai International Studies University has made a 
prediction of NBA games in season 2017-18 based on principal component analysis (PCA). He 
scores teams with different weights based on the proportion of each principal component in 
the total eigenvalue extracted from the principal component and gets a ranking table of team 
power.[1] In an analysis and grade evaluation on CBA teams based on the offensive and 
defensive technical indexes of each team, a linear regression analysis is used to analyze the 
offensive-defensive RSR values based on Probit model.[2] But the limitation of such ways of 
analysis and prediction is that it requires a large and highly detailed data base which contains 
a great number of indicators of each team. In the part of estimating home advantage, however, 
a dynamic Bradley-Terry model was introduced by Wen Hou in his evaluation of CBA team 
strength. [3] Such a model gives a dynamic estimation of home advantages of each team and 
shows the volatility of estimated home advantages. 

1.3. Our	Difference	
In fact, NCAA men’s basketball has received a lot of attention for this similar type of works. Most 
of the model predictions and factor predictions are for NCAA men’s basketball rather than 
NCAAW women’s basketball [4], so the author decided to focus on women’s basketball for 
analysis and prediction. Also, this work has a different approach to basketball team strength 
evaluation and game result prediction. The special feature of this article is that this article will 
use all records of all games in the past 5 seasons as the basic database, and establish a multiple 
linear regression model after considering home and away factors to evaluate the overall 
strength of the team, and predict the outcome of any game between any two teams played in 
any location through quantified team strength based on the model. 

2. Data	

In this work, we have access to data of WBB league’s games over the last five seasons from the 
National Collegiate Athletic Association (https://stats.ncaa.org/). 
The raw data that is downloaded from the web page describes all the game records for each 
team in each season, including a total of 351 teams and five seasons from “2014-2015” to “2018-
2019”. This work first scan the information contained in the original data and find that some of 
the data was not what this work needed, so we do the following steps of data cleaning. 
As the raw data is written in HTML format, we first do a series of basic data cleaning. And the 
steps are as follows: 
1) Convert HTML formatting punctuation marks into regular punctuation marks. 
2) Remove irrelevant characters from HTML syntax, keeping only key data such as dates, scores, 
results, teams, opponents, overtime periods, and so on. 
3) Split each score into team score and opponent score by “-”. 
4) Add new columns of “Location”. 
5) Numerically represent the number of overtime periods. 
6) Unify teams’ names (some teams have both abbreviations and full names). 
7) Clean up extra space. 
8) Clean up the duplicates. 
9) Add two new columns of “diffavg” and “RateT”. 
Technically, we achieve steps 1-2 mainly through using three lines of code, which are 
gsub("<[^<>]*>", "", x) , gsub("&#x27;", "'", x, fixed = TRUE), and gsub("&amp;", "&", x, fixed = 
TRUE). Then, we split the text at each match of the regular expression “-”. As for the fourth step, 
we judge location by the expression “@”, and the three situations are defined as “home”, 
“neutral”, “away”. 
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Step 5-6 are similar to the former steps, and we achieve step 7 through the function of “trimws”. 
After that, We rearrange the order of the team and the opponent in alphabetical order, and then 
we swap the order of team and opponent for half of the data to make all teams alphabetically 
after their opponents so that we can clean up the duplicated rows by using x <- 
x[!duplicated(x$GameID), ]. 
Finally, we add two new columns into the data frame for further analysis, one is “diffavg”, which 
shows the average score difference of all games in the 5 seasons, the other one is “RateT”, which 
describes each team’s winning percentage. 
After all above, we finally get the cleaned data frame and export it as a new CSV file. The column 
names are as the following, which reflect the variables we will take into consideration for our 
later data analysis. 
##  [1] "Season"     "Date"       "Team"       "TeamID"     "Opponent" 
##  [6] "Result"     "Team.Score" "Oppo.Score" "OT"         "Scorediff" 
## [11] "Location" 
And the dimension of the cleaned data frame is shown as the following. 
dim(x) 
## [1] 26792    11 

3. Method	

3.1. Model	Assumptions	
Our ultimate goal is to predict the outcome of any two teams in a given season, and the 
predicted outcome should be based on our assessment of the strength of the two teams given. 
Thus, the explanatory variables need to contain as much information of each team as possible. 
Considering that our data on hand is limited, we choose two main variables, the score difference 
and the location of each match. We assume that the margin of score difference in each game 
partly reflect the strength gap between the two teams. Besides, the factor of location may have 
some effect on the final result. We perform the following two tests to verify our two estimates 
in turn. 

3.2. Main	Model	
We try to make a model to quantify all the teams’ relative strength to predict the game outcome 
(Score Difference) between any two teams considering the home advantage. 
Suppose we have n games in our data set. First we create a matrix containing all 0s with n rows 
and 351 columns.Each column represents one variable to fit in our model. We pick “Akron” as 
the baseline out of the 351 teams. The 351 variables consists of the names of all 351 teams 
except Akron and the location(Home, Neutral and Away). Each row represents a game outcome. 
For each game, we mark the team with “1” and the opponent with “-1”. If Akron appears as the 
team or opponent, there will be no “1” or “-1”. For the location column, “1” stands for “Home”, 
“0” stands for “Neutral” and “-1” stands for “Away”. For example, if Harvard plays a home game 
against Yale, we put “1” under “Harvard” column and “-1” under “Yale” column. As the game is 
at Harvard’s home court, we put “1” under the location column. The reason that we take 350 
teams instead of the whole 351 teams is that we want to avoid the problem of multilinearity 
and we choose the team Akron to be the omitted one since Akron has a moderate strength 
among all the teams. 
We also exclude the intercept for our model since we want our predictions to be “symmetric”: 
if we exchange the position of the team and the opponent, the score difference should be the 
inverse number. After constructing the model matrix, we use lm to model the relationship 
between the score difference and our 351 variables. 



International	Journal	of	Social	Science	and	Education	Research																																																														Volume	4	Issue	2,	2021	

ISSN:	2637‐6067																																																																																																																										DOI:	10.6918/IJOSSER.202102_4(2).0009	

52 

With this model, 350 team coefficients which are measures of each team’s strength and another 
1 coefficient for the location effect can be got. When predicting the outcome of a random game, 
we first obtain the difference between the strength coefficients of the two teams. Then we 
incorporate the location coefficient based on the location with respect to the first team: we add 
the location coefficient for home game, subtract it for away game or exclude it for neutral game. 
As Akron is the baseline of our probability model, the coefficient of it is set as 0. 
For example, if Yale plays a home game against Harvard, our population formula will be the 
following: 

𝑆𝑐𝑜𝑟𝑒𝑑𝑖𝑓𝑓 𝛽 𝛽 𝛽 𝜀 , 
 
Where the first two 𝛽s stand for the two teams’ strength coefficients, the third 𝛽 stands for the 
home advantage, and the 𝜀 represents the random error, like injuries, conflicts, subjectivity of 
referees, and other unexplained factors on court. 

4. Result	and	Analysis	

In this section, we present our results and analyze them one by one. We start with the selection 
of explanatory variables, then we perform diagnostic tests on our model. Finally, we develop 
our predictions. 

4.1. Selection	of	Explanatory	Variables	
As what we’ve mentioned, before determining score diff and Location as explanatory variables, 
we must convince the reader that they are reasonable. Therefore, we used linear regression and 
ANOVA to verify the two model assumptions. 
4.1.1. Score	Difference	
Winning percentage is intuitively the best measure of a team’s strength, because teams are 
ranked based on the percentage. However, the winning rate of each season contains less 
information than the score difference of each match. Therefore, we tried to prove the significant 
linear correlation between Score difference and Winning rate, so that we can take “scorediff” 
into our linear model rather than “RateT”. 
 
##  
## Call: 
## lm(formula = RateT ~ diffavg, data = x) 
##  
## Residuals: 
##      Min       1Q   Median       3Q      Max  
## -0.48129 -0.02733  0.00117  0.02701  0.20737  
##  
## Coefficients: 
##              Estimate Std. Error t value Pr(>|t|)     
## (Intercept) 5.031e-01  2.950e-04  1705.4   <2e-16 *** 
## diffavg     2.185e-02  4.113e-05   531.2   <2e-16 *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
##  
## Residual standard error: 0.04807 on 26790 degrees of freedom 
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## Multiple R-squared:  0.9133, Adjusted R-squared:  0.9133  
## F-statistic: 2.821e+05 on 1 and 26790 DF,  p-value: < 2.2e-16 
 
As the summary shows, there’s a significant linear correlation between the two variables, and 
we are glad to see that the multiple R-squared equals to 0.909, which means more than 90% 
winning rate can be explained by score difference. 
Besides, we see from the histogram (Figure 1) below that the score difference is fairly 
distributed. 

 
Figure	1.	Distribution of score difference 

 
In this case, we are confident to take score difference as an explanatory variable in our main 
model, since it does describe the strength of teams. 
4.1.2. Home	Advantage	
When we make a prediction of a basketball match, there are two main factor that will determine 
the result. One is the team strength, which we’ve talked about, and the other is the 
improvisation of the players, Which we speculate that home field advantage is responsible for. 
So we do an ANOVA to see if home-field advantage has a significant impact on team 
improvisation. 
 
## Analysis of Variance Table 
##  
## Response: Scorediff 
##               Df  Sum Sq Mean Sq F value    Pr(>F)     
## Location.f     2  584389  292195  942.37 < 2.2e-16 *** 
## Residuals  26789 8306310     310      
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
As the result of ANOVA shows, location does make a difference. So we take it into consideration 
in our main model. 
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4.2. Result	of	Main	Model	
Considering the fluctuations in strength of each team from season to season due to player 
changes, injuries, management changes and other factors, we choose one season each time to 
estimate team strength. 
We choose season “2018-2019” as an example. Specifically, we set the game data before March 
of this season as a training set. After obtaining the coefficients reflecting the team strength by 
using the linear regression model, we apply it to predict the score of each game in the games 
after March (validation set). We then compare the actual results with our predictions, validating 
the quality of our predictions. 
The summary of linear regression is too long to be displayed here, and we show the top 10 and 
bottom 10 teams based on the coefficients, so our results can be presented more concisely and 
intuitively. 

Table	1.	Top 10 and bottom 10 
Rank Team Coefficient Rank Team Coefficient 

1 UConn 44.904 342 Alabama A&M -27.219 
2 Notre Dame 28.999 343 Portland St. -28.805 
3 South Carolina 27.326 344 N.C. Central -29.174 
4 Baylor 23.842 345 Longwood -29.670 
5 Maryland 23.562 346 Delaware St. -31.100 
6 Tennessee 21.027 347 Ark.-Pine Bluff -31.194 
7 Louisville 19.823 348 Charleston So. -32.143 
8 Florida St. 18.931 349 Mississippi Val. -32.291 
9 Princeton 18.241 350 Air Force -32.372 

10 Duke 18.027 351 Chicago St. -32.999 

 
Having an overall estimation of all teams, we predict the results of the rest games of season 
“2018-2019”. 
We also add a new column into the “april” data frame so that we can compare our prediction 
and actual values directly. Figure 2 shows the plots for comparison of residuals and difference 
between prediction and actual values: 
 

 
Figure	2.	Comparison of residuals and difference between prediction & actual values 
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It is worth noting that the standard deviation of the residual in our verification set is 11.79558, 
which is very close to the Residual standard error in the training set (11.13023). It indicates 
that the selection of our sample is relatively random, and the team strength it reflects is very 
close to the actual situation. 
 
summary1$sigma 
## [1] 11.13023 
sd(april$Scorediff ‐ april$predict) 
## [1] 11.79558 
 
Additionally, we draw a plot presenting the relation between score difference and predicted 
score difference. 

 
Figure	3.	The result of prediction model 

 
As the plot (Figure 3) shows, the slope of the regression trendline (the red one) is almost 1. It 
is a pretty good result, which proves that our prediction is fair on an overall level. 
The blue line explains the formation of the standard deviation of the residual (11.79558) from 
a visual perspective. If the deviation is 0, all the scattered points on the blue line should be 
concentrated at the intersection of the red and blue. Though the deviation reduces the accuracy 
of our predictions, any basketball prediction cannot be completely accurate, given the impact 
of various of random events in sports. 

4.3. A	shinny	App	for	Prediction	
Further more, we design a shinny app for people get the prediction of a certain game quickly. 
The two figures reflect the symmetry of the predicted results. When we predict a home game 
for Yale against Harvard, the result is 0.81, which means that we predict Yale win by 0.81 points. 
If we change team one to Harvard, but still describe the same game with same location (of 
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course it’s an away game for Harvard), the result is -0.81, which means that our prediction is 
still the same. 
 

 
Figure	4.	An example of shinny app 

 

 
Figure	5.	An example of shinny app 

 
Although all the predictions in shinny app now are obviously out of date, it does not prevent us 
from applying this prediction method to the new season by updating training set. 

4.4. Further	Analysis	of	Team	Strength	
The team strength values of each season calculated by the model (presented in the form of 
coefficients) are used to extract the top 30 teams in each season and the bottom 30 teams in 
each season. According to the number of times the team appears in the top 30 or bottom 30 
data, the teams can be classified into traditional giants, dark horses, relative weak teams and 
regular underdogs. 
sort(table(RankTeams$Top)) 
According to the statistics of the top 30 teams, Arizona St., Mississippi St., Notre Dame, Oregon 
St., South Carolina, Texas A&M, Baylor, DePaul, Louisville, Maryland, Stanford, Texas, UConn are 
always in the top 30 in every season, thus belonging to traditional giants, and are strong 
contenders for the championship. As teams that appear 3-4 times, we define them as playoff 
teams. Teams that appear 1-2 times are called dark horse teams and their rise is likely to be due 
to accidental reasons, such as accepting freshmen with excellent talents, or inviting super 
coaches. 
sort(table(RankTeams$Low)) 
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Statistics for the teams ranked in the bottom 30 in each season found that Delaware St., 
Mississippi Val., NC Central, Alcorn, Longwood, UIW, and Wagner are in the bottom 30 in every 
season, which means they are regular underdogs. And the teams that appear 3-4 times are also 
relatively weak teams. However, for the teams that occasionally appear in the bottom 30, it may 
be due to the injury of the star player and other reasons, resulting in poor performance in the 
season, but it does not mean that these teams are easy to beat. 
In summary, for traditional giants or playoff teams, the results of their games against relatively 
weak teams can always be predicted with extremely high accuracy. When our model is 
predicting the outcome of such games, the credibility is also greatly increased. Through this 
model, not only can the team’s strength be evaluated and the result of a game can be predicted, 
but it can also provide an intuitive and effective reference for future team development. For 
those regular underdogs, it seems that development strategies and training methods should be 
adjusted as soon as possible. The team can be saved by such methods as changing coaches and 
providing better rewards to attract talented freshmen to join. 

5. Diagnostic	Analysis	

Next, we carry out regression diagnosis and judge the feasibility of the fitting results. Plots for 
Residual analysis, anomaly detection, and other diagnosis results are shown here. (Figure 6) 

 
Figure	6.	Regression diagnosis 

 
The first figure reflects whether the regression results satisfy the linear hypothesis. If x is 
linearly related to Y, then the residuals and fitting should have no systematic correlation. As 
shown in the figure, the red line in the middle is a relatively straight line with no obvious shape 
features, indicating that the linear hypothesis is satisfied. 
The second plot, normal Q-Q plot, is the probability graph of normalized residual under the 
values corresponding to normal distribution. If the normal assumption is satisfied, the points 
on the graph should fall on the 45-degree line in the graph. If not, it violates the assumption of 
a normal distribution. When the value of the predictive variable is fixed, the dependent variable 
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should be normally distributed, so the distribution of the residuals should also be a normal 
distribution with a mean of 0. As our plot shows, the normal assumption is well satisfied. 
According to the third plot, we can judge whether our results satisfy the homoskedasticity. If 
the variance does not change, the points in the graph should be evenly distributed on both sides 
of the red horizontal line. And if you look at our graph, that’s also satisfying. 
The last plot shows the outliers. However, there’s little improvement after the outliers are 
removed, of which we suspect that there are two main reasons. On the one hand, the deviation 
of these outliers is not too serious; on the other hand, the size of selected sample is so large that 
little impact is formed on the results when deleting those outliers. 
Generally, the diagnostic analysis proves the feasibility of our fitting results. 

6. Robustness	Check	

We use the same method to set our training set and validation set for the rest of seasons to 
check if the results are robust. 
 

Table	2.	SD & RES of other seasons 
Season SD of Score difference RES of Prediction 

2017-2018 11.83 11.42 
2016-2017 11.50 11.06 
2015-2016 11.36 10.92 
2014-2015 11.08 11.01 

 
As the result shown above (Table 2), we find our model robust since the standard deviation of 
actual score difference remains close to the residual standard error of our prediction in the 
other four seasons, which means that our predictions always follow the rules of multiple 
samples. 

7. Conclusion	

This paper has successfully quantified team strength in each recent season based on NCAAW’s 
records of all games. Specifically, score difference and game location are selected as explanatory 
variables to build a model to predict the future results of the game through the team strength 
value obtained after the model calculation. At the same time, the ranking changes in the 
strength of the teams in the five seasons are used to classify the teams, and obtained traditional 
giants, dark horses, relative weak teams and regular underdogs. In addition, the work found 
that the value of Home Advantage is stable around 3 points, fluctuating within a range of ±0.2, 
which means the home team will be able to get an average of 3 points bonus. 
Judging from the calculation results of the model fitted in the 2018-19 season, our model has a 
relatively high accuracy in predicting the “March Madness” game. At 4245 degrees of freedom, 
the Residual standard error of our model is controlled at 11.13, which is acceptable. Our 
Multiple R-squared is 0.6722, which means that our model can explain 67.22% of the variables 
that may affect the outcome of the game. 
It is true that our model is based on a database with relatively insufficient information, so 
limitation is considerable but inevitable. If detailed statistics of the team’s offensive and 
defensive indexes could be collected, this paper would be able to build a model to evaluate the 
team’s strength more accurately. Could we get a list of All-Star players for each season, we 
would be able to make a more accurate assessment of the teams with them. 
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However, basketball games are always full of unknown situations. For example, players may be 
injured at any time during the game, the team may be troubled by fouls at any time and off-
court factors may cause the whole team to be in poor performance on-court. To be honest, this 
is exactly the true nature of life. No one can accurately predict what will happen in the future. 
We believe that all activities centered on human behavior are difficult to be accurately 
predicted with history data. In summary, our model’s ability to predict the outcome of games 
has reached a controllable range of 67.22%, which is good enough in this case. 

8. Authors	Contributions	
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