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Abstract

Abstract

Rising stars in any field are the persons that have the potential to become popular in near
future. Exploring rising stars in any organization will help the organization in its decisions
making. The concept of the rising star has been applied for finding rising authors in the re-
search community, rising business managers in telecommunication industry and rising play-
ers in the game of cricket. In this thesis, we presented the rising star prediction in basketball
as a machine learning problem. We presented three types of co-players: co-players of same
team in same game, co-players of opponent team in same game and co-players of both same
and opponent team in same game. Co-players statistics are used as features for machine

learning models.

For basketball game, co-player features are classified by feature size and type, which are
further divided into different categories. Derived features along with their mathematical for-
mulation are presented, that are derived from players statistics. The impact of co-players on
prediction of rising star is measured through various machine learning models. Experimental
results show that derived features are dominant on different datasets in terms of F-measure
score. The highest F-measure score achieved by derived features is 96%. Comparison of
different machine learning models shows that Maximum Entropy Markov Model is domi-
nant on all datasets in terms of F-measure score. The highest F-measure score achieved by
Maximum Entropy Markov Model is 96%. Ranking comparison shows that most of the la-
beled rising stars are ranked in the top 100 in the subsequent six seasons. Comparison of
rising stars with NBA (National Basketball Association) most improved players shows that
rising stars have better efficiency in those seasons for which NBA most improved players

were selected.

For prediction of rising stars in baseball, we aimed to identify best features. We used baseball
game statistics as attributes for machine learning models. To identify the best features we
used random forest classifier for feature selection. Four categorize of features were obtained
through feature selection. The first category consists of five features, second consist of ten
features, third consist of fifteen features and fourth category consists of twenty features. The
results show that first category of features with minimum number of features achived highest
F-measure score than other category of features. We also carried out analysis that shows that
those players who appeared in games with expert players have improved their performance

in future as compared to players who never appeared in any game with expert players.
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Chapter 1 Introduction

1 Introduction

Rising Stars are the persons who have low performance at the start of their career but have the
potential to become experts in their field shortly [1]. Rising star prediction is very useful to
know the impact of a recently joined member on the future performance of an organization.
In an organization, their members can be ranked by analyzing their past statistics but in the
case when a member has only spent few years in an organization and there is not much
statistics to rank him, in such case concept of the rising star is very useful because in rising
star prediction a member is predicted as a rising star or not rising star by finding whether a
member’s performance increase or decrease while working with senior and expert teammates

of the same organization.

Initially concept of rising star was used to find the experts in author networks. PubRank
algorithm proposed by Li et al. [1] explored rising stars in author’s network. StarRank
algorithm is presented by Daud et al. [2] which is better than PubRank because StarRank
considers the author’s contribution based on mutual influence and dynamic publication venue
scores, whereas PubRank only considers author’s mutual influence and static ranking of
journals or conferences. The evolution of authors over time is presented by Tsatsaronis et
al. [3], they defined four types of author evolution as rising stars, declining authors, authors
with stable publication rate and well-established authors. Machine learning models were
used by Daud et al. [4] for rising star prediction in co-author network. They proposed several
types of features and fed these features into machine learning algorithms. They ranked the
authors based on the feature scores. Weighted Mutual Influence Rank (WMIRank) method
is proposed by Daud et al. [5] for finding rising stars in co-author networks. WMIRank
method is based on co-author’s citations based on mutual influence, co-author’s order based
mutual influence and co-author venue’s citations based mutual influence. The impact of
senior scholars on junior ones is studied by Amjad et al. [6], their study revealed that a
junior author can become an expert if had a chance to work with a senior and expert author.
Their study also revealed that if an author does not get a chance to work with the expert
and senior authors, still the junior author can become an expert soon by his hard work.
Bibliometric and collaborative information of scholars were used by Panagopoulos et al. [7]
for extracting and analyzing profiles of scholars. Inner factors were used by Ding et al. [8]
to evaluate rising stars in a heterogeneous social network. The influence of co-authors and
the quality cited papers have been used by Nie et al. [9] to predict academic rising stars.

Detailed discussion on rising stars in bibliometric networks can be found in [10]. Recent
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research on the application of rising stars to predict rising business manager is carried out
by Daud et al.[11]. Ranking of cricket teams based on ranking algorithms is presented by
[12]. Daud et al. [13] discuss about falsely predicted rising stars. In sports, the concept
of the rising star has only been applied to the game of cricket by Ahmad et al. [14], they
used machine learning techniques for the rising star prediction in the domain of batting and
bowling. They used co-players, team and opposite team features. The predicted rising star

players are ranked with respect to feature scores.

1.1 Machine Learning

Machine learning is part of artificail intelligence. Machine learning enables the systems
to take decisions on their own without being programmed. Machine learning nowadasy
are widely used for face recognition, natural language processig, speech recognition, self
driving cars and in various industries for the purpose of automation. There are diffent types
of machine learning algorithms. One common thig in all machine learning algorithms is
that they need some data from which they can make decisions. Machine learning algorithms

works in the following steps:
1. Provide past data as an input.
2. ML algorithm learn from the input data.
3. Build a logical model that can take actions on new/unseen data.
4., On the basis of logical model built, output or actions on new data can be made.

Performacne of machine learning models depends both on working of algorithms and quality
of data fed into the ML model. Machine learning is broadly categorized into three categories:

1. Supervised Learning
2. Unsupervised Learning

3. Reinforcement Learning

1.1.1 Supervised Learning

Supervised learning is the type of machine learning where the input data is labeled. Prior
to use machine learning algorithm the raw data is needed to be converted into such format

that is compatable with the machine learning algoirthms. The data provided to the machine
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learning algorithm is also called training data. Training data can be represented as a matrix.
Each row of the matrix is called instance or test case whereas each column in the matrix is
called attribute or feature. In supervised Learning the last column is called the class or label

of the instance.

When training data is fed into machine leaning algorithm, the algorithms try to learn from
the data and construct a logical model which is then used to find the class or label of unseen
insance. The unseen data is also called the test data. Supervised learning is further divided

into two types:
1. Classification
2. Prediction

When the class or label is discrete value, then such type of leaning is called classificaiton.
For example face recognition training data contains class as names of the persons which
is non-numeric. Some of the well known classification algorithms are: Naive Bayes[15],
Logistic Regression[16], Decision Tree [17], K-Nearest Neighbors[18] and Support Vector
Machines[19].

When the class or label, then such type of learning is called prediction. For example students
marks prediction data contains label as marks of the students which are numeric values.
Some of the well known regression methods are: Linear Regression, Multiple Linear Re-

gression and Polynomial Regression.

1.1.2 Unsupervised Learning

In unsupervised learning the input data is not labeled. The aim of unsupervised learning is
to divide data into different groups or categories on basis of their similarity. Unsupervised
learning can be used to discover hidden patterns inside the data. Some of the well known

unsupervised learning methods are:
1. K-means[20]
2. Agglomerative[21]
3. Fuzzy C-Means[22]

K-means clustering method goup the data into different clusters. First k number of required

clusters are defined and initial centers of the clusters are randomly chosen. In first iteration
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distance of each data point is measured with randomly selected center of each cluster. The
data point is assigned to the center with minumum distance. In second iteration the centers of
clusters are recomputed and again distance of each point is measured with updated centers
of each cluster. The process of recomputing the centers continue till the centers remain

unchanged or certain number of iterations are completed.

Agglomerative clustering is type of hierarchical clustering. At star each data point is a seper-
ate cluster. Clusters that are close to each other are merged into a single cluster. The process
of merging clusters is continue untill all clusters are merged into a single cluster. History of
grouping clusters is visualized through dendrograms to find required number of clusters.

Like K-mans, Fuzzy C-Means clustering method also required number of clusters to be
defined by the user. Unlike K-means where each data point belongs to a seperate cluster,
in Fuzzy C-Means clustering each data point belongs to every cluster but with different
likelihood for each cluster.

1.1.3 Reinforcement Learning

Reinforcement is type of machine learning where the learning of agents is based on inter-
action with the environment through trial and error. Learning of agents is improved with
time through feedback from their experiences and actions. Reward and penalty is used by
reinforcement learning for making right or wrong decision. Unsupervised learning find sim-
ilarity among data items whereas the goal of reinforcement learning is to find such type of

actions which maximize the total reward of agent.
Some of the popular reinforcement algorithms are:
1. Q-learning[23]
2. SARSA (State Action Reward State Action)[24]
3. Deep Q-Networks (DQNs)[25]
4. Deep Deterministic Policy Gradient (DDPG)[25]

Q-learning and SARSA are similar in term of the exploitation strategies they used but the
exploration strategies used by both algorithms are different. Off policy method is used by
Q-learning where the value learned by an agent is based on the action which is derived from

another policy. Q-learning and SARSA can easily be implemented but they lack the ability
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to predict values from unseen data. DQNs algorithm which is based on neural networks and
find g-values can be used to overcome the limitation of SARSA and Q-learning. DQNs is not
suitable for high dimensional space. DDPG which is an off policy agorithm has the ability

to learn in high dimensional space.

Reinforcement learning has wide range of applications. Most of computer games that ex-
hibits artificial intelligence widely used reinforcement learning. Backgammon and ATARI
are examples of such games that are based on reinforcement learning. Reinforcement learn-

ing is also used extensively in automation of industry and robotics.

1.1.4 Machine Learning Applications

Machine learning models have wide range of applications. Here we give an overview of

some of the application of machine learning techniques.

SVM [19] and Naive Bayes [15] techniques have been used by Wawre et al.[26] for clas-
sification of movie reviews. Text classification based on document embedding is used by
Sinoara et al. [27]. One of the application of machine learning in the domain of legal doc-
uments is presented by Chalkidis et al. [28], where the authors applied various models for
multi-label text classification on legislation documents. Words in pair neural networks is
presented by Yujia et al. [29] for text classification that overcome the limitation of text clas-
sification based on single word with multiple meanings. Novel machine learning model SS3
proposed by Burdisso et al. [30] for text classification that have the ability of early risk de-
tection on social media. siame capsule networks that are based on local and global features
for text classification has been used by Wu et al. [31]

Machine learning has also been actively used for classification of spam messages. A review
of soft techniques for classification of sms spam is presented by Abayomi et al. [32]. Discrete
Hidden Markov Model is used by Xia et al. [33] for spam detection that has the capability
to exploit the order of words and can handle the problem of low term frequency. Rule based
algorithm with the ability of constant time complexity has been used for detection of spam
by Xia et al. [34].

Classical machine learning technique are not much efficient in situations where the decisions
are time-dependent, for such situations Chen et al. [35] presented a machine learning model

that have the ability to work in time varying systems.

Machine learning techniques based on evolutionary framework has been used in medical
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domain on clinical data by Castellanos et al. [36]. For prediction of breast cancer, Support
Vector Machines and Artificial Neural Networks has been applied by Bayrak et al. [37] on

Wisconsin Breast Cancer dataset.

1.2 Motivation

As we discussed in start of this chapter that rising stars are the persons who have low per-
formane at start of their career but have the potential to become expert in near future. In
sports players are ranked every year and players who are ranked high are considered as ef-
ficient players. The limitation of ranking players is that it purely rely on players individual
performance and it does not tell whether the player will be efficient in coming years or not.
Prediction of rising stars are based on co-players performance instead of player individual
performance and rising stars are the players that have the tendency to be efficient players in

next coming years.

1.3 Problem Statment

The main problem of this research is prediction of rising star in team sports. Rising star pre-
diction problem can be presented as binary classification problem. First players are labeled
as rising and not rising star players based on their performance and then releavent features
are identified. This research consider features of co-players of rising star/not rising star play-
ers. Three types of co-players are considered in this research: co-players belong to same
team, co-players belong to opponent team and co-players of both same and opponent team.
The aim of using three type of co-players is to find the impact of each co-player type features

on prediction of rising star.

1.4 Problem Formulation

Let we have a dataset D that contains players P, corresponding feature set F and set of class
label Y. The Dataset can be represented as a Matrix as following

Zafar Mahmood: 82-FBAS/PHDCS/FI2 Page 7
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-Playerl i CO_FH CO_F12 CO_F13 CO_Fln A
Player, co.Fy, co_Fy co_Fay ... co_Fo, Y2
Players co_F3; co_F3 co_Fs3 ... co_F3, U3

D=
| Playery,| |co-Fm1 coFpa coFrps .. coFrmn | [Ym]

Where D = Dataset.
The set of Players is defined by vector P.
P = {Player,, Player,, Players, ..., Playern}

The corresponding set of attributes or features is defined by vector F.
F = {co-Fy,co_Fy,co_Fs, ...,co_F,}

Set of labels are define by vector Y.

Y = {yla Y2, Y3, -y ym}
where

Y1,Y2, Y3, -, Ym € {RisingStar, Not-RisingStar}

For a give feature vector x:
z = {z1,T2,%3, ..., Tn}
where

1 € co_Fy, x5 € co_F3,x3 € cO_F3, ..., T, € co_Fpy,

The core objective is to find a function,such that the function can assign class label to a

feature set. The function can be defined as:

f:F— P(Y) (1.1)

1.5 Research Questions

1. How the concept of co-players can be utilized for the prediction of rising stars in team

sports.?

Zafar Mahmood: 82-FBAS/PHDCS/FI12 Page 8
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2. How statistics of co-players can be used for rising star prediction?
3. Which type of features have better results for rising star prediction?
Q 4. Which machine learning model have better results?

5. How Expert Players affect the performance of Junior Players?

1.6 Research Objectives

Main ojective of this research are:

1. To find the impact of same team, opponent team and both teams co-players on the

results of rising star prediction.

2. To use co-players game statistics as features for prediction and divide these features

into various categories.

3. To carry out analysis of various types of features for prediction of rising stars in bas-
ketball and baseball.

4. To carry out analysis of various machine learning models for rising star prediction in
basketball and baseball.

5. To find impact of expert players on performance of junior players.

1.7 Contribution

Main contributions of this thesis are:

1. Three types of co-players are introduced in this study. The first type of co-players
are those players who appeared with a player in same game and belong to same team.
The second type of co-players are those who appeared with a player in same game
but belong to opposite team. The third type of co-players are those who appeared
with a player in same game (include both same and opponent team players). The aim
of presenting these three types of co-players is to examine how much each type of

co-player is effective in predicting rising stars.

2. Derived features along with their mathematical formulation are presented. These fea-
tures are derived from players traditional game statistics. The aim of derived features

is to improve the results of machine learning models for rising star prediction.

O
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Features are categorized by type and size and these are further divided into sub-types.

Features categorized by type are further divided into “basic”, “shooting” and “derived”

) feature types. Features categorized by size are further divided into “all”, “selected” and
o “derived” feature types. The effectiveness of each category of feature is examined on

different datasets.

3. The three datasets used in this study are constructed purely for rising star prediction
in basketball. Each dataset consists of player name, different features of co-players
and class as rising star or not rising star. The first dataset consists features of those
co-players that belong to the player team. The second dataset consists of features of
those co-players that belong to opponent team. The third type of dataset consists of
features of co-players that belong to both same and opponent team.

4. Analysis of various types of features and machine learning classifierrs showed that

they can be utilized for the prediction of rising stars in team sports.

1.8 Performance Measures

The purpose of machine learning classifier is to find the class label of test data.Confusion
matrix, accuracy, precision, racall and F-measure are used for the evaluation of performance

of machine learning classifiers.

C

1.8.1 Confusion Matrix

Confusion matrix is widely used to evaluate the performance of any machine lerning clas-
sifier. Each cell in confusion matrix represents the number of predictions made. Pictorial

representation of confusion matrix in shown in Fig.1.1

Positive (Predicted) |Negative (Predicted)
Positive (Actual) Ti1e Positive False Negative
[Negative (Actual) | False Positive True Negative

Figure 1.1: Confusion Matrix.

Confusion matrix is composed of True Positive, True Negatives, False Positives and False
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Negatives. Details of these terms are given below [38]:

1. TP (True Positive): When the actual class label is Positive and the classifer predicted

class of is also Positive.

2. TN (True Negative): When the actual class label is Negative and the class label pre-
dicted by classifier is also Negative.

3. FP (False Positive): When the actual class label is Negative but the class label predicted

by the classifier is Positive.

4. FN (False Negative): When the actual class label is Positive but it is predicted as
Negative by the calssifier.

1.8.2 Accuracy

Accuracy of a classifier can be obtained by dividing the number of correclty predicted class
labels by total number of predictions made by the classifier.
TP+TN

A = .
COUTaY = TP { TN+ FP+ FN (1.2)

Accuracy is a good measure where the interst is to find the accuracy of a machine learning

classifier.

1.8.3 Precision

Precision of a classifier can be obtained by dividing the TP (True positive) by the sum of TP
(Ture positive ) and FP (False positives).

TP
Precision = T—P—{——F‘—}; (13)

1.8.4 Recall

Recall of a classifier can be obtained by dividing the TP (True positives) by the sum of TP
(Ture positive ) and FN (False negatives).

TP
Recall = m (14)
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1.8.5 F-measure

Harmonic mean of precisoin and recall is called F-measure. F-measure is a good metric for
comparing performance of machine learning models.
2 % Precision * Recall

F-measure = Precision + Recall (1.5)

1.9 Thesis Structure

The rest of the thesis is organized as,Sec 2 discuss the related work, Sec 3.1 discusses basic
concepts of basketball and Proposed method that comprise of machine learning techniques,
co-player selection criteria, features for rising star prediction and mathematical formulation
of dervied features are discussed in Sec 3.8. Details of experiments is discussed in Sec 3.9.
Sec 4 discuss about features that are used for rising star prediction in baseball. Sec 5 discuss
impact of expert playes on performance of junior players. Sec 6 discuss conclusion and
future work.
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2 Literature Review

The related work can be divided into ranking and prediction in basketball. In ranking the per-
formance of basketball players is evaluated by using various statistics whereas in prediction

the outcome of the basketball game is predicted using machine learning classifiers.

2.1 Ranking Players in Team Sports

NBA game statistics like points, blocks, rebounds, field goals etc ! are widely used for rat-
ing the basketball players. John Hollinger introduced a formula that uses player box score
statistics to measure the efficiency of the player. To know how much a player is efficient, the
idea of on and off the court was proposed by Fearnhead et al. [39]. They observed whether
the team performance increases or decreases when a specific player is on the court or off the
court. Both offensive, defensive and combination of both were used to measure the strength
of NBA players. Using data from the 2008-2009 season, LeBron James was considered
the best player. The impact of an NBA team player is evaluated by Deshpande et al. [40],
they used a bayesian linear regression model for finding an individual player impact on the
team winning. The aforementioned research ranks the players with respect to their team and

across the leagues.

Slack based measure method is used by Asghar et al. [41] to rank players in NBA games and
compared their ranking with player impact measure approach. They conclude that even the
players who are ranked top by slack based measure approach are ranked at bottom by player
impact measure approach. The reason for getting different ranking on same data is because
both methods work in different manner. Koster et al. [42] shows how network ties among
players are affected through individual status and group performance. Relationship between
game statistics and match outcome is explored by Zhang et al. [43]. They also consider
how player’s technical and physical performance is affected by interaction of opposition.
Inconsistencies in box score statistics is discussed by Van et al. [44]. Spatio-temporal data

was used for investigating inconsistencies.

Thttp://www.espn.com/editors/nba/glossary.html
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2.2 Performance Analysis of Players

The relationshisp between time spent in collenge and performance in National Basketball
Association is studied by Paulsen [53]. Analysis done by [53] revealed that there is no sig-
nificat impact of time spent in college and the productivity of the player in NBA games. The
said research concluded that additional college years have positive imapct on performance
at the begining of career, negative imact on performance at the mid of career whereas the
quality of peers does not have any significant impact on performance. The impact of the

presence of peers on session rating is discussed by Minett et al. [54].

Experiment performed by Minett et al. [54] consists of 14 males having mean age of 22.4
years and the duration of cyclings was 24 minutes. After every 3 minutes, heart rate of the
candidates was recorded. During cycling, rating of perceived exerction (RPE) was collected
at 10 minutes interval of the cycling. Bayseian framework was used along with ordinal
regression and heart rate by using linear mixed effects models to analyze RPE sessions. The
analysis done by [54] concluded that session RPE are influeced by contextual psychosocial

inputs.

Variety of factors related to peers are investigated by Molodchik et al. [55] that affects the
performance of players in team sprots. They [55] analysis consist of 5457 soccer players, 234
teams and the duration is 2010 to 2015. A metric (rating score from 1 to 100) provided by EA
sports was used to measure the performance of individual players. The dataset used in [55] is
based on FIFA video game simulator which is developed by EA sports. Experimental result
of [55] shows that peers have significat impact on team quality. Football players improve his
ratings if he play in stronger team as compare to playing in weaker team.

Player tracking data was used by Forcher et al. [56] for the analysis of defensive play in
soccer. Studies that are releated to defensive play using tracking data are discussed by [56]
in detail. Their research focused on PubMed, Web of Science and SPORTDiscuss. Total of
23 studies were examined by utilizing standard quality assessment. Ball possession dura-
tion with respect to player position is studied by Coutinho et al. [57]. Players of age less
than 15 years were grouped on the basis of their position (defenders, midfielders and attack-
ers). Players were evaluated over three testing days. Digital videos camera was used for
the recording of players movements. To evaluate tactical behaviours of team and players a
notational system based on four categories was created. The said four categories are: team

behavior, offensive actions of players, defensive actions and effectiveness of ball possession.
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To categorise all ball possession sequences according to their duration variable, a two-step
cluster analysis was performed using log-likelihood as the distance metric and Schwartz’s
Bayesian criterion. By building a cluster features tree, the original data were organised into
pre-clusters. The conventional hierarchical clustering technique was then applied to the pre-
clusters, producing a variety of solutions with various numbers of clusters. The cluster results
were interpreted by calculating the average values of the continuous variable of the period
of the ball possession sequence.An ideal number of three clusters were determined from a
total of fifteen clustering options. The average silhouette coefficient was 0.7, suggesting that
the cluster model was quite excellent. First cluster was comoprised of 66 possessesion se-
quences (52.0%). Second cluster was made of 49 possession sequences(38.6%) and third

cluster was formed of 12 possession sequences (9.4%).

Performance of indian cricket team was analyzed by Tharoor et al. [58] in Test format.
Various python libraries were used to perfrom exploratory data analysis, visualization and
statistial analysis. Machine learning models were used to evaluate the importace of various
attributes. Data used by Tharoor et al. [S8] was obtained from cricsheet.org. The dataset
consist of test matches statistics that range from 2004 to 11 January 2022. Total number of
matches contaiend in the dataset were 627. Number of games played by indian cricket team
were 178 and these games were selected for furhter analysis. Statistical analysis [58] consists
of batter statistics, bowler statistics, captaincy statistics and nation wise statistics. The batter
analysis showed that Kohli was the best batter who score 7854 run in 11 years. Ashwin who
had debut in 2011 was a bowler who took maximum wickets. Captaincy analysis showed that
in test cricket Virat Kohli was best captain. Nation wise analysis showed that England team
was difficult to defeat. Random forest and support vector machine have been implemented
by [58] for match outcome prediction in test matche played by indian cricket team. Accuracy
of 75% was achieved by random forest classifier. Data for the year 2018 was analyzed by
Raju et al. [59] to obtain useful statistics like team with maximum one day matches, teams

having maximum win or loss and montly games by a team.

Effect of injuries on team and players performance is studied by Sarlis et al. [60]. They listed
number of factors that are correlated with players injuries. The said factors have been used
to find the impact of injuries on efficiency of players and teams in National Basketball Asso-
caition games. The data used by [60] have been scraped from online sources using python.
KNIME and Excel tools were used for data mining and machine learning tasks. For time pe-
riod of 2010 to march 2020, injury data of 1298 players which contain 11225 records were
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collected. The data contained information about position, weight, height and age etc. Four
research questions were addressed by Sarlis et al. [60] that are related to health and injuries,
teams and players with mot of injures, effect of injuries on team and player performance and
data science techniques utilized for analysis of playrs injuries. The results of the study [60]
revealed that in NBA most common type of injuries are musculoskeletal injuries. The re-
sults also showed that performance of teams and players might be degraded dute to injureis.
Considering basketball analytics, the study [60] stated that teams with balanced rest and load
have better performacne. Comparison of machine learning and data mining mehtods showed
that to get better insights these models should be combined.

The study in Sarlis et al. [61] seeks to collect all of the necessary analytics utilized in sports
as cutting-edge performance indicators using sports statistics in decision making for basket-
ball games, teams, and players. The research work [61] investigated these four questions in
their study: performance evaluation of players and teams, optimization of techniques and rat-
ings, performance analytics and correlation between them, important factors that are helpful
in predicting defender and most valuable palyer of the year. Forecasting for three basketball
seasons from 2017 to 2020 have been investigated by [61]. The data was collected from
various online sources and then was aggregated. After preprocessing the data was divided
into four groups. The first group cotains first quarter 20 games, the second group contains
second quarter 40 games, third group conatins third quarter 60 games. NBA 20 players were
selected with criteria of 15 minutes of minimum playing time and minimum of 40 games

played in a season. Most Valuable Players (MVP) were correctly predicted by [61].

Advanced statistics were used by Pantzalis et al. [62] for team and players performance pre-
diction in game of football. Defenders, even though they are not necessarily more significant
in team strategy. So, in terms of player evaluation, this study [62] seeks to find adequate
talents and characteristics that create successful defenders. For team performance prediction
[62] used data from four european national footbal leagues. For every team using more than
40 features, they [62] predicted whether a team will have better or worse season as compared
to last year. Previous season was used for training whereas for testing final season was used.
Results showed that random forests achieved 70% of accuracy and standard deviation was
less than 10%. They [62] also investigated whihch factors are affecting ratings of defender.
For the said purpose they selected 59 central defenders who palyed minimum of 10 games
in English Premier League in 2016-2017 season. The resluts showed that classif defensive

actions and few attacking skills have impact on rating of central defenders.
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2.3 Match Outcome Prediction in Sports

The fuzzy rule-based system (FRBS) is proposed by Trawinski [63] for the prediction of the
basketball match outcome. Feature selection was applied for the selection of best features
and various fuzzy models were used for the prediction of match outcome. A model for
college basketball was proposed by Ruiz et al. [64] that combined a simple soccer model and
poisson factorization. The simple soccer model identifies each team by its attack and defence
coefficients whereas the poisson factorization considers the elements of the matrix that are
independent of the poisson random variables. For match outcome prediction in basketball an
integrated model called Hybrid Support Vector Machine and Decision Tree (HSVMDT) is
proposed by Pai et al. [65]. Feature selection was used to select the best features (7 features
were selected out of 17). HSVMDT was tested on both selected features and on all 17
features. HSVMDT achieved 82.25% with feature selection and without feature selection,
the accuracy was 67%. The decision tree generates many rules that can cause confusion for
decision makers. Rules pruning was used to limit the number of rules. For measuring the
quality of decision rules, the sum of testing accuracy and coverage index was used. The
results showed that decision rules have better quality after pruning. The rules generated
by said model aim to help coaches to identify which factors are affecting match outcome.
Analysis based on classification and regression tree was performed by Miguel et al. [66] to
find best predictor in order to classify teams as winning or loosing teams. Their analysis
showed that in fast paced games the importance of defensive rebounds is 100%, importance
of free throws is 94.7%, assists 86.1% and importance of fouls is 55.9%. On the other
hand the importance of variables in slow paced games are: free throws is 100%, defensive
rebounds 82.3%, fouls 68.4%, assists 66.9%, 2-points 62.2% and importance of 3-point field
goals is 62.1%. Data driven and data envelopment analysis based techniques were used by
Li et al. [67] for predicting the performance of sports team. They used multivariate logistic
regression to find relationship between winning probability and match outcome. Their study
suggests that team coaches and managers should focus on communication and cooperation
of team. Various machine learning models are used by Thabtah et al. [68] for the prediction
of match outcome in basketball. They examined the strength of various features for match
outcome prediction. The defensive rebound was observed to be the most suitable feature for
match outcome prediction. Discrete-time and finite-state Markov chain has been used by Shi
and Song [69] to predict the outcome of the match when the game is in progress. The aim of
the said model is to find the difference between the home team and the visiting team score at
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some time point. The predictions for the ongoing match can be made on the current score of

the team instead of past data.

Classification and regression models were used by Valero [45] for prediction of match out-
come in baseball. They used past data in their study. Data Mining techniques were user by
Tolbert et al. [46] for championship winner. They used various game statistics as attributes
for winner prediction. The features they used are: runs scored, stolen bases, batting aver-
age, on base percentage, slugging percentage, team wins, team loses, earned runs average,
save percentage, strikeouts per nine innings, opponent batting average, walk plus hits per
inning pitched, fielding independent pitching, double plays turned, fielding percentage and
win-above replacement. Machine learning methods were used by Hamilton et al. [47] to pre-
dict pitch type. They improved performance by applying various classification models and
feature selection approach. The features they used for prediction of pitch type are: percent-
age of fast balls thrown in previous inning, previous pitch velocity, strike result percentage.
A single measurement criteria used by Yang et al. [48] is based on team strength, batting
ability of team and starting pitchers. Home field advantage variable and relative strength
variable were used to propose a two stage bayesian model for major league baseball match
outcome prediction. Machine Learning techniques were used by Donaker [49] for prediction
of individual games outcome and identifying important elements of teams. Total of 25 fea-
tures were used for prediction. Logistic regression, Naive Bayes, support vector machines
and ensemble classifiers were used as classification models. Random forests and XGBoost
classifiers were used along with historicall baseball data by Elfrink [50]. XGBoost classifier
achieved highest accuracy. Experiments carried out by Jia et al. [51] concludes that baseball
data is noisy and using baseball statistics to predict match outcome are not enough. Their
accuracy of predicting match outcome is 60%. The accuracy was increase upto 65% when
later portion of season data was used. Gated Bayesian Networks were used by Bendtsen [52]
to model careers of baseball players with focus on identification of regimes in data.

Various machine learning and deep learning methods have been used and compared for pre-
diction of match outcome in Major League Baseball Huang et al. [70]. Data of 30 teams
from 2019 season was acquired for match outcome prediction. Feature selection and normal-
ization of data was done prior to applying the prediction models. Results of match outcome
prediction werer compared with and without feature selection [70]. Resutls showed that arti-
ficial neural network achieved highest accuracy of 93.91% as compared to one-dimensional

convolutional neural network and support vector machine models. The Markov process ap-
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proach along with runner advancement model were used to estimate the anticipated runs in
an MLB game for teams depending on their batting order and pitcher [71]. Data used by
Chang [71] consists of 70 matches of Major Leagure Baseball for time period of 15 septem-
ber 2018 to 30 september 2018. Machine learnig techniques were used by Harikrishnan et
al. [72] for match result prediction in games of Korean Baseball Organization. The dataset
used by [72] consits of various statistics of players that are related to performance of players.
Neural networks, support vector machine and decision tree models were used for prediction
of results [72]. Yaseen et al. [73] used Support vector classifier and logistic regression mod-
els for prediction of playoff for year 2019. Major League Baseball data for time period of
2015 to 2019 was used for the prediction of next match outcome by Li et al. [74]. The re-
sults showed that support vector machine achieved highest accuracy of 65.75% as compared

to one-dimensional convolutional neural network and artificial neural network.

Impact of passing netwrork on match outcompe prediction in football is examined by Ievoli
et al. [75]. Indicators of passing networks have been used for estimating the probability
of winning in the game of foottball [75]. Dataset used by [75] consists of 96 games for
2016-2017 Group of European Football Association. Based on perfomance factors binomial
logistic regression acheived better results [75]. Comparison of stistical and machine learning
methods have been made for match outcome prediction in football by Beal et al. [76]. Data
used by [76] consists of six season data from English Premier Leagure and match previews
from Guardian newspaper. The experimental resulst showed that models presented in [76]
achieved accuracy of 63.18% which was 6.9% more that the accuracy of statistical methods.
Comparison of performance between team and players rating is made by Amtzen et al. [77]
while predicting match outcome in football. Players were rated on the basis of plus-minus
rating whereas rating of teams were calculated by using Elo rating stystem. Experimenta
results showed that there is no such difference in prediction results while using competing
risk models and ordered logit regression model. Traditional match outcompe predictions
methods uses match statistics like red card, yellow cards, shot on targets etc whereas Pi-
patchatwala et al. [78] presented fusion based method which does not use any game statistic
for match outcome prediction in football. The fusion based model is based on players ratings
from video games. Two fusion models hierarchical and ensemble models were proposed by
Pipatchatwala et al [78]. Data of season 2010-2011 to 2014-2015 from English Premier
Leagure have been used for experiment purpose. The proposed model achieved accuracy of
56%. Various machine learning classifiers and features have been investigated by Haruna

et al. [79] to find a better machine learning classifier and better features for the prediction
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of mathc outcome in English Premier League. Expertimental results showed that goal dif-
ference, first twenty two players from both teams, away team and home team and K-NN
classification model achieved highest accuracy of 83.95% [79]. Score based match outcome
methods in soccer have been investigated by Hubavcek et al. [80]. Statistical methods based
on Weibull and Poisson distribution and various ranking methods are closely discussed by
[80]. Experimental results showed that overall performances and individual prediction are
almost same on the tested methods. Neural network models have been used by Guan et al.
[81] for prediction of football match outcome prediction. Comparative analysis based on
Poisson model is carried out by Maozad et al. [82] for match outcome prediction in footall.
Season 2015-2016 to 2020-2021 of English Premier League have been used as training data
whereas season 2021-2022 is used as test data. The results showed that Dixon-Colse model
performed better as compare to other methods. A deep learning LSTM model is used by
Nivetha et al. [83] for win, loss and tie in games of English Premier League. Various ma-
chine learning algorithms were used for prediction of football match results by Rodrigues et
al. [84] while using different statistics of players as attributes for prediction. Data of four
seasons from 2013-2014 to 2016-2017 have been used for training purpose whereas the data
of season 2018-2019 is used as test data [84]. SVM achieved highest accuracy of 61.32%
while using total of 18 features [84].

Match outcome prediction in cricket while the game is in progress is presented by Goel et al.
[85]. Approach adopted by [85] is based on relative strenght of both teams and dynamicaly
changing context of the match. To train machine learning models data of 2008 to 2018
matches is used whereas 59 matches from 2019 season are used as test data. Experimental
results showed that machine learning models achieved accuracy of 76%. Awan et al. used
[86] Linear regression for finding match outcome by using both scikit learn and big data
SparkML framework. Linear regression scored 96% of accuracy by using Spark machine
learning framework [86] Prediction of score after 50 overs based on current situation is
presented by Kamble et al. [87]. Wining percentage of both teams before the start of mathch
is aslso discussed by Kamble et al. {87]. Neural nework and CART classifiers have been
used by Kumar [88] for match outcome prediction in Indian Premier League. The data
used by Kumar [88] consits of Indian Premier League 334 matches of year 2016 to 2018.
Variety of supervised leaning models have been implemented and compared by Priya et al.
[89] for prediting match winner of IPL. Dataset was obtained from poupular data science
competition platform Kaggle. Resutls showed that Random Forest models achieved better

accuracy of 74%. Relation between independent factors is investigated by using logistic
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regression by Sarangi et al. [90]. Analysis of the independent factors revealed that bowler
economy and fielding dissmisals strongly affect the outcome of the match [90]. Comparison
of various ensemble and non-ensemble classification methods is presented by Pramanik et al.
[91] for match outcome prediction in T20 cricket matches of Bangladesh Premier League.
Experimental results showed that KNN and Gradient Boosting methods presented better

performance for match outcome prediction.

2.4 Rising Star Prediction in Academic Network

ScholarRank method proposed by Zhang et al. [92] combine statistical factors and influence
calculation methods in heterogenous academics networks. ScholarRank method is based on
citatins count, mutual influence and mutual reinforce among various entities of the hetroge-
nous network. ScholarRanks method overcome limitaions of previous studies where rein-
force factor is ignored when evaluating rising stars and used only mutual influence among
the authors. To assess the rising stars impact, ScholarRank is applied on data of American
Physical Socienty by considering the authors who started their career in 1993. Effectiveness
of ScholarRanks was compared with StarRank [2] and CocaRank [93] methods. Comparison
of average count of citations of top 10 rising stars for the year 2013 showed that ScholarRank
had better citation count mean as compared to CocaRank and StarRank methods.

The concept of rising star has been used by Zhu et al. [94] for finding rising stars in the field
of technology. They identified rising stars and their attributes and then used those attributes
to build the profiles of inventors. Framework for searching rising technology stars have been
proposed by Zhu et al. [94], which is based on profiles of the inventors. The profiles on
the inventors are constructed on the basis of technological performance, sociability and in-
novation caliber. They [94] also introduced four types of rising technology stars. To identify
which group had most of the rising technology stars a method called nth percentile is also
presented. Empirical study of inverntors in the field of 3D printing was conducted by [94]
for the validation of their proposed methodology. Inventros in the field of 3D printing from
the period 2007-2016 were selected and co-inventros with single patent were ignored which
resulted in total of 8821 inventors. Entropy weight method is used by [94] to identify poten-
tial features in inventors profiles. K-means clustring was used to divide inventor profiles into

various clusters.

In geo-social networks the concept of rising stars is addressed by Ma et al. [95]. A novel
method called FS-ELM which is based on extreme learning machine was proposed by [95]
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for the evaluation of stars of the future. The said methos comprise of three parts. The first
part build features by using behavior of users and social topology. Supervised information
is extracted in second part by searching topic experts, topic experts are considered as ris-
ing stars. The third part find whether a user is rising star or not at a specific time by using
classification. The data used by [95] was obtaiend by using Foursquare API. The data col-
lected contain 76503 users and 153137 connections. Checkin for each user is also recorded.
The resluts showed that the proposed method FS-ELM achived better results as compared to

existing models.

Classification of authors based on transfer learning is presented by Abbasi et al. [96]. The
goal of [96] is to adapt new tasks in the target area in order to extract outer information from
the source domain. Author classification based on transfer learning consist of three steps. In
first step the structure of features is constructed from two networks. In second step features of
target network are reconstructed by utilizing similar signature subgraph using both networks.
In third step for classifier learning in target network to categorize and rebuild features of
the authors. The results [96] showed that proposed methods have many advantages over
similarity based method.

Finding rising stars is a challenging issue if they are working in multiple domains. A method
called Hot Topics Rising Star Rank (HTRS-Rank) is proposed by Daud et al. [97]. HTRS-
Rank method overcome the limitation of provious rising star finding methods where they
only focused on co-author networks and ignored the textual content. HTRS-Rank method
identify junior authos who participated in hot topics at the start of their career and based
on their engagment in hot topic publicatiosn, these authors are ranked. HTRS-Rank method
extracts titles of research articles to get hot topics. Latent Dirichlet Allocation [98] is used for
the construction of topics by finding probabilities of words for each cluster. To validate the
proposed method data from Aminer was obtained for the time period of 2005-2009. Results
showed that the proposed method achieved better results as compard to the baseline methods.
Resluts showed that authors discoverd through HTRS-Rank method were participants of

many active research areas.

Rising star approach has been used by Daud et al. [99] for finding rising business managers
in the field of telecomunicaitons. Instead of using attributes of managers, the study of Daud
et al. [99] considered attributes of the co-business managers for prediction of rising business
managers. Attributes of co-business managers have been designed by [99] which are fed

to machine leamning classifiers for rising business manager prediction. Various types of at-

Zafar Mahmood: 82-FBAS/PHDCS/F12 Page 23



Chapter 2 Literature Review

tributes designed by [99] are key performance indicators of co-business managers and senior
business managers. The data was acquired from one of the top telecom company of Pakistan
for the time period of 2014 to 2015. For classificatin purpose NB,BN, NN, and SVM have
been used by [99]. The results showed that SVM and NN achieved better results.

Prediction of rising stars in yelp review network has been introduced by Nawaz and Malik
[100]. Variety of features are proposed by [100], these features belongs to these types of
categories: meta data features, RFA (Recency-Frequency-Activity) features and temporal
features. Data used for rising star prediction in reviewer nework is obtained from yelp reveiw
platform. First already available dataset is obtained that has iformation about reviews and
reviewers for duration of 2004 to 2017. After necessary preprocessing 800 top reviewers are
acquired and 400 top of them are labelled as rising stars and remaining 400 are considered
as not rising stars [100]. The experimental results showed that gradient boosted and decision
tree models performed well. F-measure of 84% is achieved by meta data attributes. Ranking

of top 10 reviewers (rising stars) is also presented by [100].

A novel method called RiseNet is proposed by Yang et al. [101] for rising star predic-
tion. RiseNet is based on items dynamic features and initial dissemination of user interest.
RiseNet is validated on chinese online shopping platform Taobao. They [101] defined ris-
ing star as an item that is not rated in top 3% in initial four weeks but afterwards rises to
be ranked in the top 1% in the next two weeks. Three datasets used by Yang et al. [101]
have been provided by Taobao platform. The three datasets are: Taocode diffusion data,
Taobao purchase data and basic information of taobao items. Taocode diffusion data consists
of 68,888,906 records of taocode diffusion. Taobao purchase data consists of 204,398,128
purchase records. Basic information of Taobao items consists of 31,093,128 items cate-
ogy, name and price. Exploratory analysis revealed that there is close correlation between
Taocode diffusion graph and identification of rising star from node and graph level. Experi-
mental results showed that the proposed RiseNet model achived better performance.

2.5 Rising Star Prediction in Sports

The concept of rising star prediction using machine learning has been applied by Ahmad et
al. [14]. They used the concept of co-player of rising star players. They considered those
players as co-players of rising star that have appeared with rising stars in some common time
span. They used CART (Classification and Regression Treee) MEMM (Maximum Entropy
Markov Model), SVM (Support Vector Machines), BN (Bayesian Networks) and NB (Naive
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Bayes). They used co-players, team and opponent team features for prediction of rising stars.
They used data from 2006 to 2013 for rising star prediction. For labeling rising stars they
used weighted average which is based on number of runs, average and strike rate. Weight
threshold of 33.33 was used as weight while calculating weighted average.

Said research [14] has certain limitations. Co-player selection on basis of time span may
select false co-players. The concept of co-players they used may consider a player as co-
player who appeared in some common time span but might possible that he never appeared

in a game with rising star players.

In sports ranking of players depends on their individual performance whereas rising stars are

predicted by using their co-player features.

Ranking players does not tell about future ranking of players whereas rising stars are the
players that have the tendency to make their place in high ranked players in near future.

Since ranking of players are based on player’s individual performance so this ranking can
not be used to select best combination of players. Co-players of rising stars can be used to

select players that perform well while they play together.

Table 2.1: Literature Summary

S.No | Research Objective Ref

1 Assessing the abilities of NBA Players. [39]

2 Finding the impact player on chance of team winning. [40]

3 Ranking Players of NBA. [41]

4 The impact of individual status on network linkages among NBA [42]
teammates

5 Elite basketball performance profiles and opponent involvement during [43]
game play.

6 Scorekeeper bias adjustment in NBA box scores. [44]

7 Comparison of data mining techniques for match result prediction in [45]
MLB.

8 Using data mining for championship winner prediction in MLB. [46]
Predicting Baseball pitch through machine learning methods. [47]

10 MLB winner prediction using two stage bayesian model. [48]

11 MLB analysis and prediction using machine learning. [49]
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12 MLB outcome prediction using machine learning. [50]
13 Forecasting MLB season. [51]
14 Representation of baseball players regimes by utilizing career data. [52]
15 Investigate the impact of time spent in college and outcome in NBA [53]
16 Finding the impact of peer presence on session rating. [54]
17 Finding how performance of individual is affected by its peers. [551]
18 Clustering of ball possession time based on role of player. [57]
19 Analysis of Indian cricket team performance. [58]
20 Using data mining techniques to analyse cricket team performance. [59]
21 To find impact of injuries on team and player performance in basketball. | [60]
22 Evaluating performance of team and players in basketball. [61]
23 Predicting player performance in football. [62]
24 Predicting result of basketball games using fuzzy classification system. [63]
25 Prediction of game outcome in basketball using generative model. [64]
26 Using SVM and decision tree models to analyze basketball games. [65]
27 Classifying winning and losing in basketball by using regression tree. [66]
28 A data-driven prediction technique for sports team performance in NBA | {67]
29 Predicting NBA game results using feature analysis and machine [68]
learning.
30 Prediction of NBA games using finite state Markov chain. [69]
31 MLB games outcome prediction using machine learning and deep [70]
learning.
32 Proposed predictive model for match outcome prediction in MLB. [71]
33 Predictive analysis of fantasy games using machine learning. [72]
34 MLB playoff prediction using multimodal machine learning. [73]
35 Identification of features for prediction of MLB games outcome. [74]
36 Prediction of football match outcome using passing network indicators. [75]
37 Football match outcome prediction through human experts and machine | [76]
learning.
38 Using team and player ratings for prediction of football match outcome. [77]
39 Proposed fusion based supervised model for football match outcome [78]
prediction.
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40 Using machine learning for football match outcome prediction. [79]

41 Experimental review of forty years score based match outcome prediction | [80]
in soccer.

42 Using neural network to optimize prediction of match outcome in [81]
football.

43 Comparison of poisson models for football match outcome prediction. [82]

44 Prediction of match outcome in football using deep learning. [83]

45 Applying machine learning techniques to predict football match outcome. | [84]

46 Predicting match outcome on ball by ball in second innings in cricket. [85]

47 Predicting team score using regression and big data. [86]

48 Predicting team score before and during cricket match by using machine | [87]
learning.

49 Using neural network and CART for match prediction in IPL cricket [88]
match.

50 Comparison of machine learning models for match outcome prediction in | [89]
cricket.

51 Examine attributes of winning in one day cricket match. [90]

52 Comparison of classification models for match prediction in T20 cricket. | [91]

53 Proposed ScholarRank method for rising star in heterogenous network. [92]

54 Improved PubRank method is presented for rising stars. [2]

55 Proposed Cocarank method for rising stars in academic networks. [93]

56 Finding rising stars in field of technology using unsupervised method. [94]

57 Find rising stars in geo social network by using extreme learning [95]

approach.

58 Classification of authors and rising star prediction by using transfer [96]
learning

59 Proposed HTRS-Rank method to find rising stars by hot topic detection. | [97]

60 Prediction of rising business managers using supervised classification. [99]

61 Predicting rising stars in yelp reviewer platform using binary [100]
classification.

62 RiseNet method that is based on diffusion process of user interest. [101]

63 Presented co-player features for rising star prediction in cricket. [14]
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2.6 Chapter Summary

This Chapter covered the related work in sports. The main research discussed in literature
is related to ranking of players in sports, performance analysis of players, match outcome
prediction in sports, rising star prediction in academic networks and rising star prediction
in sports. Ranking of players used different metrics to rank players in basketball and base-
ball. Performance analysis of player consider various factors that affect the performance of
players during the game. Match outcome prediction in team sports widely used statistical
and machine learning methods to predict outcome of the match. Various machine learning
classifiers have been used for match outcome prediction and variety of features have been
identified in the literature for prediction of match outcome in team sports. Rising star pre-
diction in academic network identify potential researchers by identifying various factors and
various machine learning models are used for rising star prediction in academic networks.
Rising star prediction in sports used supervised machine learning models and features of
co-players to predict risig stars in game of cricket.
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Chapter 3 Rising Star Prediction in Basketball

3 Rising Star Prediction in Basketball

Detailed discussion of datasets, features and analysis of experimental results presented in

this chapter.

3.1 Basic Concepts of Basketball

In this section, we presented different terminologies that are related to the game of basketball.

3.1.1 Court

The basketball game is played on a rectangular floor and there is a hoop at each end. A
mid line on court divides it into two sections. The basketball court has a center circle and
a three-point line. In the center circle, only two players are allowed to enter prior to tipoff.
Two point and three-point areas are separated by the three-point line.

3.1.2 Team Structure

Each team consists of five players. Five players of each team are assigned different positions
on the court. The position assigned to the players are point guard, shooting guard, small

forward, power forward and center.

3.1.3 Basic Rules

The following are the basic rules for the basketball game.
1. Objective of each team is to shot the ball in the basket of the opposing team.
2. Each team with a maximum of five players on the court.

3. The game consists of four periods whereas each period is of 12 minutes, so the overall
game is of 48 minutes. 5 minutes overtime is played in case of tie until the game end

without a tie.
4. Two points are scored when the ball is put in the basket from the inside three-point arc.

5. Three points are scored when the ball is put in the basket from the beyond three-point

arc.
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6. One point (also called free throw) is scored when the ball is put in the basket from the

free-throw line.

7. The ball may be passed to another player or may be dribbled from one point to another
while running. A player cannot dribble again if once he stopped dribbling. When the
team is in possession of the ball and has crossed the middle line on the court, then the

team cannot cross back the mid line on the court.
8. A team having possession of the ball have a maximum of 24 seconds to make a shot.

9. Illegal contact with opponent player results in a personal foul.

3.2 Player Statistics
Basic game statistics of a basketball player are given in table 3.1.

Table 3.1: Details of Basic Basketball Statistics

Stat Description

Field Goals(FG) These are the shots by a player that goes
through the basket from above.

Average Field Goals(avg _FG) Dividing Field Goals by total number of
games.

Field Goal Attempts(FGA) Number of attempts by a player to score
Field Goal.

Average Field Goal Attempts(avg_FGA) | Dividing Field Goal Attempts on total
number of games.

Field Goals Percent(FGper) FGper can be obtained through dividing
Field Goals by Field Goal Attempts.
Three Points(3PT) Three points are awarded to a payer when he

shots the ball from long distance and ball

goes in the basket.

Average Three Points(avg _3PT) Average of three points can be obtained by
dividing player’s total three points on

number of games played.

Three Point Attempts(3PTA) This is the number of attempts to score
Three Points.
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Average Three Point Attempts(avg-3PTA)

Average 3PTA can be calculated by dividing
total number of Three Point Attempts on
total number of games played by a player.

Three Point Percent(3PTper)

It is the measurement of long distance
shooting ability of a player. 3PTper can
calculated by dividing Three points on Three
Point Attempts.

Free Throws(FT)

These are shots made from free throw line.
One point is awarded for a Free Throw.

Average Free Throws(avg_FT)

Average Free throw is obtained by dividing
player’s total number of Free Throws on
number of games played by a player.

Free Throw Attempts(FTA)

Free Throw Attempts are the number of time
a player attempted to make a free throw.

Average Free Throw Attempts(avg FTA)

It is simply the division of total number of
Free Throw Attempts by total number of
games played by a player.

Free Throw Percent(FTper)

FTper measure the Free Throw ability of a
player. FTper can be calculated by dividing
Free Throws on Free Throw Attempts.

Offensive Rebounds(OREB)

An offensive rebound occur when the player
that recovers the missed shot is on similar

team of the player who shot the ball.

Average Offensive Rebounds(avg_OREB)

Average Offensive Dividing total number of
Offensive Rebound on total number of
games played by a player.

Defensive Rebounds(DREB)

A defensive rebound happens with the player
that recovers the missed shot is on the
opposing team as the player that shot the
ball.
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Average Defensive Rebounds(avg_DREB)

Average Defensive Rebounds are obtained
by dividing total number of Defensive
Rebounds of a player on total number of

games played by a player.

Rebounds(REB)

Player Rebounds are the sum of player’s
Offensive and Defensive Rebounds.

Average Rebounds(avg_REB)

Average Rebounds of a player are obtained
by dividing player’s total Rebound on
player’s total number of games.

Assists(AST)

Assist is awarded to a player who pass the
ball to a player of same team who shot the
ball in basket.

Average Assists(avg_AST)

Average Assists of a player is obtained by
dividing total number of Assists on total

number of games played by a player.

Turnover(TOV)

A player is charged with a turnover if he lose
possession of the ball to the opposing team
before a shot is attempted.

Average Tumover(avg_TOV)

Average Turover is obtained by dividing
total number of Turnovers on total number of
games played by a player.

Blocks(BLK)

A block occurs when a defensive player
diverts a shot attempt of an offensive player.

Average Blocks(avg_BLK)

Average Blocks is obtained by dividing total
number of Block on total number of games

played by a player.

Personal Fouls(PF)

A personal foul is any violation of the rules
of the game that involves personal contact
with an opposing player.

Average Personal Fouls(avg_PF)

Average Personal Fouls are obtained by
dividing player’s total number of personal
fouls on player’s total number of games.
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Points(PTS) Points are scored when a player puts the ball
‘through the basket.
Average Points(avg _PTS) Average points are obtained by dividing

player’s total number of Points on total

number of games played by a player.

3.3 Basketball Datasets

Flowchart in Fig.3.1 show the process of formation of datasets. To find rising stars in bas-
ketball we first collected five seasons (2004-2005 to 2008-2009) basketball game data from
a sports website!. Necessary data preprocessing was done using MySQL queries and Python
Pandas library. The initial data statistics are:

Seasons: 2004-2005, 2005-2006, 2006-2007, 2007-2008, 2008-2009.

Teams: 30

Games: 6150

Players: 727

We selected the players who played at least 300 games in 5 seasons career. We get 100 play-
ers out of 727 who played more than 300 games in their 5 seasons career. The top 50 players
with the highest average efficiency score (avg_EFF) are labeled as Rising Stars and the re-
maining 50 with lowest avg_EFF are labeled as Not Rising Stars. The data was shuffled to
generate randomness in the data. In basketball, a team wins having maximum points (PTS)
at the end of the game. So, a player who scores more points will contribute the team more
{o the win, but there are other factors too, like fouls, blocks and rebounds etc. which affect

team performance. The NBA efficiency formula captures these factors. The formula is

EFF = (PTS + REB + AST + STL + BLK — FGA-
FTA - TOV).

@3.n

The average efficiency of a player is calculated by dividing player efficiency score by total

games the player played.

EFF

_EFF = :
w9 Total Games Played

3.2)

lwww.espn.com/nba/
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We used average efficiency score (avg_EFF) for labeling because it captures all factors re-
lated to the performance of a player. For the 100 players, we constructed three types of
datasets. The purpose of building three different datasets is to investigate how the players of
the same team, the opponent team and both the same and opponent teams are effective in the

prediction of rising stars.

3.3.1 Dataset A

This dataset contains features of co-players of labeled players who played in the same team
and the same game.

3.3.2 Dataset B

This dataset contains features of co-players of labeled players who played in the opponent
team but in the same game.

3.3.3 Dataset C

This dataset contains features of both same and opponent team co-players of labeled players

who played in the same game.
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Preprocessing

Players Game
Statistics
Get Players with
Games>=300

Gat Co-Players of
Labeled Players

Sort Players w.r.t
Efficlency in
decreasing Order

Players with
Gamee><=300

Players Labeled as Label top 50% as Rising Star

Rising and No-Rising
tar

Labeled Players and
ICo-player with same
Game IDs

=

Team and same
Game iDs

Co-player with
different Teams and
same Game IDs

Figure 3.1: Flow Chart showing dataset acquisition process for basketball data.
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3.4 Proposed Steps For Rising Star Prediction

Fig. 3.2 shows steps that are followed for prediction of rising star. These steps include co-
player selection, feature engineering and implementation of machine learning methods for

rising star prediction.

Algorithm 1 Co-Player Selection

1: Input: Players Game Statistics S = {pname, gameid, s1, 53...Sp }
2: Output: Player and its Co_Players P = {pname, co;, cos...co, };
3. P= {},

4: for pname in S do

5: if sum(gameid > 300) then
6

7

8

9

P + pname
end if
: end for
: Reorder pname in P by Efficiency
10: Label top 50% as RS and remaining as NRS in P
11: for pname in P do

12: for i,pname,gameid in S do

13: if (gameid € P == gameid € S) then
14: Co; « pname € S.

15: P+ Co;

16: end if

17: end for

Algorithm 2 Computing Features

Input: Co-PlayerStatistics S = {pname, gameid, s1, $3...8,};
Output: Feature Matrix F' = {fi, fa...fn}:
CoF ={};
F={}
for i,pname in S do
f-Co; « average(s) € S
Co F « fCo;
end for
for i,pname in P do
F « F Uaverage(f-Co;) € Co_F
: end for

A A A B e

—
-0

Algorithm 1 shows steps for co-player selection and steps to compute features are shown by
Algorithm 2. In worst case running time of Algorithm 1 is O(n?). For Algorithm 2 running

time in wort case is O(n).
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(CART, SVM. MEMM, BN, NB)

|
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|

Figure 3.2: Rising Star Prediction Model
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3.5 Machine Learning Techniques

CART, SVM, MEMM, BN and NB have been used for prediction of risig star. These tech-
niques have been used for rising star prediction in cricket [14] and co-author network [4] and

achieved satisfatory results in releavent domains.

3.5.1 Classification and Regression Trees (CART)

Classification and Regression Trees [102] is a decision tree based model. The working of
CART model is based on three steps.

1. Constructing the maximum tree.
2. Choosing the right tree size.
3. Classifying the test data using the constructed tree.

CART splits the dataset based on similarity. Let us suppose two variables, marks and number
of study hours. If there are 85% of students with maximum study hours in the first semester
were successfully graduated then the tree will be split at the number of hours studied and it
will become the top node in the tree. In the said example the 85% of data is pure. CART

uses the Gini index to find to measure the impurity in the data.

3.5.2 Support Vector Machines (SVM)

Support Vector Machine [19] is used for both classification and regression tasks. Using
SVM, data items are represented on the n-dimensional space. Once the data items are repre-
sented on the n-dimensional space, SVM then finds a hyperplane that can efficiently separate

the two classes. For linear separable data, the key steps that SVM perform are
1. Plot the data items.
2. Find the margin and support vectors.
3. Find hyperplane with maximum margins.

4. Use the computed margin value to classify the new test data items.
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3.5.3 Maximum Entropy Markov Model MEMM)

Maximum Entropy Markov Model [103] is a sequence modeling algorithm. It extends the fa-
mous MEC (maximum entropy classifier)[104] with the feature that is; unknown parameters
are assumed to be connected in a markov chain rather than independent to each other.

3.5.4 Bayesian Network (BN) Classifier

Bayesian network [105] uses a directed acyclic graph to represent variables and their condi-
tional dependencies. Bayesian networks assume that features are codependent on each other.

The bayesian network can capture codependency and influence of the features.

3.5.5 Naive Bayes (NB) Classifier

Working of naive bayes classifier[15] is based on Bayesian theorem. Naive bayes consider

that there is no dependency between the features.

3.6 Co-player Selection Criteria

The concept of co-players is used by [14] for the prediction of rising stars in the game of
cricket. They define the co-player as "Co-player is a comrade who belongs to the same or
opponent team and has played matches during some common period”. The limitation of
their concept about co-player is that the players may play in some common period but they
may not appear in the same games as well. For a player. Unlike [14] who used co-players,
team and opposite team features, in this study we only used co-player features for rising star
prediction. The reason for not using team and opposing team features is that team features
are sum of player features. For example, Team Points are the sum of all player points and we
are already considering co-player features. The other reason for not using team features is
that total number of games played by team and total number of games played by player may
be different. Suppose a player has played 30 games in a team and the total games played by
the team are 70, now team feature will contain weights of 70 games. The limitation is that
the players are weighted even for those games in which they never played. we consider co-
players as the players who played with him in the same game. We further classify co-players
into three types

1. Players of the same team and the same game.

2. Players of the opposite team and the same game.
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3. Both same and opposite team players in the same game.

Team A TeamB

Figure 3.3: Players of same team and same game.

Red circle indicate the rising star player and blue circles represents the co-players. Arrows indicate
the influence of co-players on rising star player.

Fig.3.3 represent players of two teams who played a game. In each team co-players of rising
stars are those players that are playing in same game and belong to same team. The co-
players are connected to rising star players of their own team only. Fig.3.4 represent players
of two teams who played a game. In each team co-players of rising stars are those players
that are playing in same game but belong to opposite team. The co-players are connected to
rising star players of opposite team only. Fig.3.5 represent players of two teams who played
a game. In each team co-players of rising stars are those players that are playing in same
game and belong to both same and opposite team. The co-players are connected to rising
star players of both same and opposite team. The purpose of considering these three types
of co-players is to find which type of co-players are more useful in the prediction of risings
stars in the game of basketball.

Fig.3.6,Fig.3.7 and Fig.3.8 show the relationship between rising stars and their co-players by
using pearson correlation method. In these figures we can see how efficiency of rising star
players is correlated to their co-players.

In Fig.3.6 we can see that there is a negative correlation between efficiency of rising star
players and their co-players. We can clearly see that for the co-players who belong to same
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Figure 3.4: Players of opposite team and same game.

Red circle indicate the rising star player and blue circles represents the co-players. Arrows indicate
the influence of co-players on rising star player.

Figure 3.5: Players of same and opposite team in same game.

Red circle indicate the rising star player and blue circles represents the co-players. Arrows indicate
the influence of co-players on rising star player.

Zafar Mahmood: 82-FBAS/PHDCS/F12 Page 42



Rising Star Prediction in Basketball

30
o]
°
L ° o
25 _ \\\ o o [+]
. [+] oooo o
\\\ ] ° ©
20 - R P o
o° cPB °© o °
w ° ©% %
hLJ %? o ©
0)' 15 \\\
> AN
(]
10
8 0o ° o o a
0 ® & o!ss 2, 00
5 0o © ° -
° °
0 Jl* T T T
6 7 8 9 10
co_avg_EFF

Figure 3.6: Relationship between co-players(same team) and rising star players.
(x-axis represents average efficiency of co-players. y-axis represents average-efficiency of
players labeled as rising and not-rising stars)

team of rising star players, the efficiency of rising star player tends to decrease when the
efficiency of co-players increases. This means that with weak co-players rising star players
have more chance to show his strength. On the other hand if co-players are performing well
then rising star players have low chance to show his strength.

Fig.3.7 shows that there is positive correlation between efficiency of rising star players and
their co-players. We can observe that for co-players who belong to opponent team of rising
star players, the efficiency of rising star players tends to increase with the increase in the
efficiency of co-players. This means that the more stronger the opponent team players then
there is more chance for rising star players to show their strength.
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Figure 3.7: Relationship between co-players(opponent team) and rising star players.
(x-axis represents average efficiency of co-players. y-axis represents average-efficiency of
players labeled as rising and not-rising stars)

Fig.3.8 shows that there is a week positive correlation between of rising star players and their
co-players. It can be observed that for co-players who belong to both same and opponent

teams of the rising star players, the efficiency of rising stars slightly tends to increase with
the increase in efficiency of co-players.
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Figure 3.8: Relationship between co-players(both same and opponent team) and rising star
players.

(x-axis represents average efficiency of co-players. y-axis represents average-efficiency of
players labeled as rising and not-rising stars)

3.7 Features for Rising Star Prediction

Performance of machine learning models greatly depends upon the features supplied to them.
To know the effectiveness of different features we classify features by type and size Fig.3.9
shows the pictorial representation of features categorization.

Y y

Features By Type

¥

Basic

Shooting

Derived

Features By Size

¥

Figure 3.9: Features Categorization.

All

Selected

Derived
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3.7.1 Features by Type

Based on type?, we have classified features into basic, shooting and derived features.

3.7.1.1 Basic Features The basic features contain rebounds, assists, turnovers, blocks,

fouls and points. Table.3.2 shows different number of basic features.

3.7.1.2 Shooting Features Fields goals, average field goals, field goal attempts, average
field goal attempts, field goal percent, three points, average three points, three points attempt,
average three point attempts, three points percent, free throw, average free throw, free throw
attempts, average free throw attempts, and free throw percent. Table.3.2 shows different

number of shooting features.

3.7.1.3 Derived Features These features are constructed from basic and shooting fea-
tures. All of the derived features are related to player efficiency except the influence and
average influence of a co-player. Derived features are listed in Table.3.2. Sec 3.8 give a
detailed explanation and formulation of derived features.

3.7.2 Features By Size

The purpose of classifying features based on size is to know the impact of feature size on
prediction results. Features classified by size are all features, selected features and derived
features.

3.7.2.1 All Features All features are the combination of basic, shooting and derived fea-
tures. All feature set consists of 47 features. Table.3.3 shows a list of all features

3.7.2.2 Selected Features Since the full feature set consists of 47 features. Correlation-
based Feature Subset Selection technique [106] was used to acquire a subset of features
that are highly correlated with the class while having low intercorrelation. The number of
selected features for dataset A, dataset B and dataset C are 7, 9 and 3 respectively. Table.3.4
shows a list of selected features for each dataset.

2https://www.basketball-reference.com/about/glossary.html
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3.7.2.2.1 Correlation Based Feature Subset Selection One of objective of machine
learning is to identify the features that are more releavent to the class label. CFS(Correlation
Based Feature Selection) method was proposed by [106] which utilizes correlation and
heuristic search approach to identify important features. CFS assumes that the features have
no dependency on each other. If the there is dependency among feautres, then CFS might
igore important features when select subset of features. CFS is filter based method which
ranks feautre subsets according to correlation based heuristic evaluation function. The func-
ton find features that have high correlation with class label but have very low correlation or
no correlation with each other. Features that are not releavent are ignored because that have
low or no correlation with class label.

3.7.2.3 Derived Features The derived feature set consists of 16 different features. The
size of the derived feature set is greater than the selected feature set and is smaller in size as
compared to the size of all feature set. Table.3.5 shows a list of derived features.
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~

3.8 Mathematical Formulation of Derived Features

This section shows the mathematical formulae for each of the derived feature.

3.8.1 Co-Player Influence
Co-player influence on a player is calculated by using the formula

co_in f(Player, co) = go_J;' (3.3)

G_ P: number of games a co-player played with a player P.

Co_G: Total number of games played by a co-player.

The above formula is used to calculate a single co-player influence on a player. Since a
player has many co-players, so we need to find all co-player’s influence on a player. The

following formulae show all co-player influence on a player

coinf = Z coiinf_P(i). (3.4)
i=1
co_inf_P(i): influence of i** co-player on player P.
co-inf: sum of the influences of all co-players that played with a player P.

3.8.1.1 Example of Co-Player Influence Example given in Table.3.6 shows the calcula-

tion of co-player’s influence

Table 3.6: Example showing the calculation of co-player’s influence
(G_P are Number of Games in which Co-Players appeared with player John.
Co_G are total number of games played by a co-player).

Player Co-Player GP Co G G_P/Co G Influence
John Fred 20 70 20/70 0.286
John James 15 40 15/40 0.375

Above example shows that James has more influence (0.375) on John as compared to Fred
influence (0.286) on John.
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3.8.2 Average Influence of Co-Players

Since each co-player of a player has a different influence score. The following formulae

show the average influence of co-players of a player P.

nf_P(i
avg-coinf = Z d ZLZN . 3.9

Co_N: total no of co-players of a player P.

3.8.3 Co-Players Efficiency

Efficiency of basketball players depends on various factor. We use NBA efficiency formu-
lae? to find the efficiency of co-players of a player. This formula is given by the following

equation.
CO_EFF = (PTS+ REB+ AST+ STL + BLK — FGA~ FTA — TOV). (3.6)

The above formulae find the efficiency of a single co-player of a player P. To find the effi-
ciency of all co-players of a player P, we sum up all co-player’s efficiencies. The following

equation shows the efficiency of co-players of a player P.

EFF =Y " Co.EFF(i). (3.7

i=1

Co_EFF(i): Efficiency of it* Co-player of player P.
EFF: Efficiency of Co-players of Player P.

3.84 Average Efficiency of Co-Players

To find the average efficiency of co-players of player P, we just divide the co-players effi-
ciency score (EFF) by total number of co-players of a player P. The following equation show
the formulae for average efficiency score of co-players of a player P.

Co_EFF (i)

avg EFF = Z Co N

(3.8)

3https://www.nbastu ffer.com/analytics 101/nba-efficiency/
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Co_EFF(i): Efficiency of it Co-player of player P.
Co_N: total no of co-players of a player P.

3.8.5 Co-Players Efficiency at Beginning of Season

Performance of basketball players changes at different intervals during a season. We can di-
vide a season into beginning, mid and end intervals. The season intervals can be represented
as.

BD,,BD,... BDn,MD,MD,.. MD,,ED,...ED,.

BD: Beginning date of season.

M D :Mid date of season.

ED :End date of season.

To find efficiency of a co-player at the beginning of season, same efficiency formula is used

with the condition that the games are played at beginning of the season.

EFF_Begg = (PTS + REB + AST + STL + BLK —
FGA—-FTA-TOV). (3.9)

Where Gamepate<nmp,

The following formulae show the efficiency of all co-players of a player P at the beginning
of the season

EFF _Begg = _ Co_EFF Begg(i). (3.10)

i=1
Co_EFF Begg(i): Efficiency of it* co-player at begining of season.

3.8.6 Average Efficiency of Co-Players at Beginning of Season

To find average efficiency of co-players of a player P at beginning of a season efficiency the

following formula is used

n _E _ .
avg_EFF Begg =3 Co 1;1: ﬁegg(z)_

i=1

(3.11)

Co_EFF Begg(i): Efficiency of it* co-player at begining of season.
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3.8.7 Co-Players Efficiency at Mid of Season

To find efficiency of a co-player at the mid of season, same efficiency formulae is used with
the condition that the games are played at the mid of season. The following formula shows

the efficiency of a co-player of a player P at mid of season.

EFF _Mid = (PTS+ REB + AST + STL + BLK -
FGA - FTA-TOV). (3.12)
Where Gamepg > BD,, and Gamepgy. < ED,

To find efficiency of all co-players of a player P at mid of season, the following formula is

used .
EFF_Mid = Co_EFF_Mid(i). (3.13)

i=1

Co.EFF_Mid(i): Efficiency of i** co-player at Mid of season.

3.8.8 Average Efficiency of Co-Players at Mid of Season

To find average efficiency of co-players at mid of season we just divide the co-players effi-
ciency at mid of season by total number of co-players of player P. The following equation
show average efficiency of co-players of a player P at mid of season

. "\ Co_EFF_Mid(i)
_EFF_Mid = :
avg F_Mid ; Co N

(3.14)

3.8.9 Co-Players Efficiency at End of Season

To find efficiency of a co-player at the end of season, same efficiency formulae is used with
the condition that the games are played during end of season

EFF _Beg = (PTS + REB + AST + STL + BLK—
FGA—FTA-TOV). (3.15)

Where Gamepate>ED,
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To find efficiency at end of season of all co-players of player P, the following formulae is
used .
EFF_End=_Co.EFF _End(i). (3.16)

i=1

3.8.10 Average Efficiency of Co-Players at End of Season

To find average efficiency of co-players at end of season, we just divide the co-players effi-
ciency at end of season by total no of co-players of player P. The following equation shows
the average efficiency of co-players of a player P at end of season.

“\ Co.EFF_End(i)
avg EFF End=_ .
=1 CO_N

(3.17)

3.8.11 Co-Players H-index

H-index [107] is usually used to measures researchers’ productivity but it also has been
applied to different areas where the ranking of an individual is required. We calculate h-
index for each co-player in order to overcome the lack of Average Efficiency Score of a
co-player. Suppose if a co-player has average efficiency score 12, then it is assumed that a
co-player efficiency score is 12 for every game he played but in reality, his efficiency score is
not necessary to be 12 in every game, so the use of average does not tell about performance
consistency of a player. H-index is used to measure how consistent a co-player is in his

6-season career. To find H-index of all co-players of player P, the following formulae is used

Co_H-index = Z H-indexz(3). (3.18)

i=1

3.8.11.1 Example of Co-Players H-index Lets understand the H-index of Co-Players
through an example. Suppose John has played total 8 games. His Average Efficiency can be
calculated as show in the Table.3.7
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Table 3.7: Example showing the calculation of Average Efficiency.

Games EFF (Efficiency) Avg EFF (Average Efficiency)
1 5
2 8
3 2
4 7 (5+8+2+7+23+11+4+10)/8=8.75
5 23
6 11
7 4
8 10

Now in order to calculate the H-index of John, we simply write the efficiency in decreasing
order as show in Table.3.8.

Table 3.8: Example showing the calculation of H-index Efficiency.

Games EFF (Efficiency)
1 23

11

10

8

R | B]|WN

7
5
4
2

In given example the H-index of John is 5, because John have 5 such games in which his
efficiency is greater than 5.

H-index(i) is the h-index of i** co-player of a player. Lets understand through example as
show in Table.3.9

Table 3.9: Example showing H-index of Co-Players of John.

Player i Co-Player H-index
John 1 Mark 5
John 2 Brian 3
John 2 James 8
John 2 Jacob 6
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Now H-index(i) for i=1,2,3,4:
H-index(1)=5

H-index(2)=3

H-index(3)=8

H-index(4)=6

Now subsituting values in equation.3.18
Co_H-index = 5+3+8+6=22

3.8.12 Average H-Index of Co-Players

To find average h-index of co-players of a player P, h-index of all co-players of a player
P is divided by total number of co-players of a player P. The following formula is used to

calculate average h-index.

"\ H-indez(i)

CoN (3.19)

avg_-Co_H-index =
i=1
3.8.13 Hollinger Score (HGS)

We use Hollinger linear formula* to calculate co-players efficiency, the formula is given

below.

CO_HGS = (PTS) +0.4 % (FG) + 0.7 x (OREB) + 0.3
(DREB) + (STL) + 0.7 x (AST) + 0.7+ (BLK) — 0.7+ (3.20)
(FGA) — 0.4 (FTA) — 0.4 % (PF) - (TOV).

To find Hollinger score of all co-players of player P, the following formula is used

HGS =) Co.HGS(i). (3.21)

i=1

*https://www.nbastuffer.com/analytics101/game-score/
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3.8.14 Average HGS of Co-Players

To find average of HGS of co-players of a player P, we just divided HGS by total number of

co-players of player P.

n _H S .
avg HGS = % (3.22)
i=1 -

3.8.15 Points Share

Points share determine how much a co-player contributed to his team, it is determined by
dividing co-player points (PTS) by total points of team.

. PTS
Co_Points_Share = Team PTS" (3.23)

To find Points Share of all co-players of player P, the following formulae is used.

Points_Share = Z Co_Points_Share(i). (3.29)
i=1
3.8.16 Average Point Share of Co-Players

To find average Point Share of co-players of a player P, we just divide Point Share by total
number of co-players of player P.

n _P . t ) h )
avg_Point_Share = Z Co OZZOS 5 are(z)_

=1

(3.25)

3.9 Experiments

This secton covers a detailed discussion about various experiments, such as features distri-
bution, feature analysis and comparison of various machine learning.

3.9.1 Statistical Distribution of Features

Since we have classified features by type and size. Here we only present statistical distri-
bution of selected features for each dataset because they are the best selected features by
size and performance on their relevant data set. Fig.3.10 shows the feature distribution of
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Dataset A for selected feature set. For dataset A using selected feature set, all features are
positively correlated to rising star except free throw attempt (FTA). In Fig.3.10 we can see
that for the feature free throw attempt (FTA) values closer to 1 are related to not rising star
class. For free throw percent (FTper) and blocks (BLK) we can see that up to the values 0.5
rising star class is dominant whereas after 0.5 not rising stars are getting closer to 1. For
the remaining features, we can see that rising star class is dominant but as the feature values
are getting higher than 0.7 then the not rising star class gets dominant. Since we observed
that the values for rising stars dominant up to some extent but after that, we observe that the
higher values belong to not rising stars, the reason for this abrupt change is that since rising
stars have played more than 300 games, so there is a chance that they may also be played as
co-players with not-rising star players, so their presence in the games with not-rising stars is

the cause of the rise of feature values for not rising star players.

For selected features of Dataset B, all features are positively correlated with rising star
class except for three point attempt (3PTA), free throw attempt (FTA) and average turnover
(avg_TOV). In Fig.3.11 we can see that most of the feature values closer to 1 belong to rising
star class and we can observe that feature values are dominant for rising star class. Since
three point attempt (3PTA) is negatively correlated with rising star class but in Fig.3.11 we
can see that for three point attempt (3PTA) most of the rising stars are closer to 1 as compared
to not rising stars. Three point attempt (3PTA) is not the only feature to measure player’s
three point scoring ability. Three point percent (3PTper) better depicts a player’s three point

scoring ability.

In the Fig.3.10 we can see that for most of rising stars three point percent (3PTper) value is
closer to 1. For free throw attempt (FTA) we know that it is negatively correlated to rising
star class but we can see in the Fig.3.10 that for rising star class these values are closer to 1.
The free throw is not a sufficient feature to represent the free throw ability of a player. Free
throw percent (FTper) feature better depicts a player free throw ability. In the Fig.3.10 we
can see that rising stars are closer to 1 as compared to not rising stars.

If we look at features distribution in Fig.3.10 and Fig.3.11, we can see that for most of the
features in Fig.3.10 the feature values are dominant for rising stars up to some extent and
after that not rising stars are dominant, whereas in Fig.3.11 we can see that rising stars are
dominant till the end. The reason for the sudden change in the bar graph of Fig.3.10 is
because the dataset A contains of the co-players from the same team only, so some of rising

= may also be co-players of not rising stars so this increase the feature values for not
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rising stars. Since Fig.3.11 only contains co-players of the opposite team, so the chance
of appearing as co-player with opponent team player is very rare therefore we can see in
Fig.3.11 that there is no sudden change in the bar graph and rising stars are dominant for
all features. Fig.3.12 shows the statistical distribution for selected features of Dataset C. All
of the features of Dataset C using selected features are positively correlated to rising star
class. In Fig.3.12 we can observe that more feature values belong to rising stars. Just like in
Fig.3.10, we can see in Fig.3.12 that feature values very close to 1 belong to not rising stars,
this is because the dataset C contain co-players from both same and opposite team and rising
star players may have appeared as co-players with not rising star players. To avoid bias in

FYTYYl|

Figure 3.10: Features Distribution of Selected Features for Dataset A. (Red color shows
rising star and blue color shows not-rising star. X-axis shows distribution of values and Y-
axis shows frequency of values for an attribute.)

the results, all datasets are kept balanced by keeping the number of rising stars and not rising
stars equal.

3.9.2 Features Evaluation

In this section, we used different features evaluation metrics to measure the relevance and
importance of features for rising star prediction. Information gain, gain ratio and chi-squared
statistics are used to measure the importance of different features. The said ranking metrics
are only applied to the selected feature set of all three datasets.
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Figure 3.11: Features Distribution of Selected Features for Dataset B.
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Figure 3.12: Features Distribution of Selected Features for Dataset C.

Table 3.10: Ranking of Features of Dataset A

Rank Attribute Info Gain Attribute Gain Ratio Attribute Chi-Square

1 avg EFF_mid 0.354 avg EFF end 0.372 avg_ EFF_mid 43.463
2 BLK 0.331 avg EFF_mid 0.369 avg_ HGS 40.96
3 avg HGS 0.32 FTA 0.349 avg EFF_begg 40.96
4 avg_EFF_ begg 0.32 avg_ HGS 0.32 FTA 35.406
5 FTA 0.303 avg _EFF begg 0.32 BLK 33.134
6 avg EFF end 0.296 BLK 0.266 avg EFF end 31.579
7 FTper 0.24 FTper 0.24 FTper 31.36

In Table.3.10 we can see the ranking of selected features for dataset A, average efficiency
score at mid of season (avg_EFF_mid) is ranked 1st by info gain and chi-squared statistics
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whereas gain ratio ranked it 2nd. Free throw percent (FTper) is ranked 7th by all of the three

metrics.

Table 3.11: Ranking of Features of Dataset B

Rank Attribute Info Gain Attribute Gain Ratio Attribute Chi-Square

1 FTA 0.281 FTA 0.315 FTA 34.0813
2 FG 0.256 FG 0.31 FG 29.9376
3 DREB 0.222 BLK 0.307 DREB 29.1717
4 3PTA 0.212 3PTA 0.273 3PTA 249012
5 BLK 0.209 DREB 0.222 BLK 21.9512
6 3PTper 0.165 FTper 0.202 3PTper 20.79

7 FTper 0.154 3PTper 0.2 FTper 18.8811
8 avg EFF_mid 0.111 avg EFF_mid 0.183 avg_ TOV 14.0351
9 avg TOV 0.108 avg TOV 0.136 avg EFF mid 13.2549

Table.3.11 shows the ranking of selected features for dataset B, we can see that free throw
attempt (FTA) is ranked 1st by all of the three metrics whereas average turnover (avg_TOV)
is ranked 9th by info gain and gain ratio and is ranked 8th by the chi-squared statistic.

Table 3.12: Ranking of Features of Dataset C

Rank Attribute  Info Gain  Attribute  Gain Ratio  Attribute Chi-Square

1 EFF begg 0344 EFF_begg  0.409 HGS 39317
2 HGS 0.337 HGS 0.377 EFF.begg  36.986
3 FT 0.296 FT 0.372 FT 31.579

Table.3.12 represent the ranking of selected features of Dataset C. Efficiency at the beginning
of the season (EFF_begg) is ranked 1st by info gain and gain ratio and is ranked 2nd by the
chi-squared statistic. Free throw (FT) is ranked 3rd by all of the three metrics.
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3.9.3 Experimental Setup

Experimental setup is discussed below.

3.9.3.1 K-Fold Cross-validation . To measure the strength of classifiers and features,
k-fold cross validation method [108] is used to train and validate the classifiers. In k-fold
validation, the dataset is divided into k equal parts. One part is used for testing and k-1
parts are used training purpose. All experiments conducted in this reserch work used 10-fold
validation (k=10), which means that one part is used for testing and 9 parts are used for
training. Fig.3.13 shows pictorial representation of 10-fold cross validation(image is taken
from [109]).

IA mTrainmg set w]
Training folds Test fold
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1 iteranon ! [ | [ l ] ! l [ kﬂl = El
2™ eratron ] l i i l l l — Ez o
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Figure 3.13: K-fold cross validation with k=10, E is Evaluation metric.

3.9.3.2 Dataset Size. Each dataset consist of 100 labeled samples is divided into 10 equal
parts, such as 10,20, 30...100. All classifiers are trained for each partition.

3.9.3.3 Parameters of Machine Learning Classifiers. Weka dafault parameter settings

are used for each classifier. Parameters for each of classifier are mentioned below:

1. CART: confidence factor=0.25, minium number of instances per leaf=2.
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2. SVM: kernel function= PolyKernel, complexity parameter C=1.0, epsilon=1.0E-12.
3. BN: estimator=simple estimator, search algorithm=hill climbing.
4. NB: kernel estimator=false, supervised discretization=false.

5. MEMM: multinomial logistic regression.

3.9.3.4 Performance Metrics. Precision, F-measure and Recall are computed for each
dataset. We only present average F-measure for analysis of the results because F-measure is
the combination of both Precision and Recall. The evaluations presented in the experiments

are the average of 10 observations of F-measure.

3.9.3.5 Tools and Languages. Python, MySQL Workbench, Weka and MS-Excel are
used from data scrapping to results presentation. Python is used for data scraping and pre-
processing. MySQL Workbench is used for filtering data and feature engineering. All exper-
iments are performed using open source software WEKA. MS-Excel is used for to present

results through various types of charts.

3.10 Results and Discussion

This section discuss individual feature analysis and comparison of various results.

3.10.1 Individual Feature Analysis

To find the impact of each feature on rising star prediction, each classifier is trained while
exploiting each feature of the selected feature set of each dataset. This process is done in 7,9
and 3 cycles for Dataset A, Dataset B and Dataset C respectively

3.10.1.1 Individual Feature Analysis of Dataset A Fig.3.14 shows the analysis of in-
dividual features from the selected feature set for dataset A. Using CART classifier with
avg_HGS gives the highest average F-measure of 82.3% while the BLK feature gives the low-
est score of 71%. SVM gives the highest average F-measure score 84% using avg_EFF _begg
feature and lowest score 70% using FTper feature. MEMM gives the highest average F-
measure score of 83% using avg_EFF_begg and the lowest score of 77% using FTper fea-
ture. Bayesian Network classifier gives the highest average F-measure score of 83% using
avg EFF mid feature and gives the lowest score of 66% using FTper feature. Naive Bayes
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Figure 3.14: Individual Feature Analysis of Dataset A.

classifier gives the highest average F-measure score of 82.3% on avg_EFF_begg and whereas
the FTper feature achieved the lowest average F-measure score of 72% on Naive Bayes
Classifier. Overall avg EFF_begg feature gives the best average F-measure score whereas
the FTper perform worst.

3.10.1.2 Individual Feature Analysis of Dataset B Fig.3.15 shows individual feature
analysis of selected feature set of Dataset B. FTA feature achieve highest average F-measure
score of 79% and avg_TOV feature has the lowest score of 52% using CART classifier. SVM
classifier achieves the highest average F-measure score of 77% using FTA and achieves the
lowest score of 52% using avg_TOV feature. MEMM model achieves the highest average
F-measure of 80% using FG feature and the lowest score of 57% using avg_TOV feature.
Bayesian Network achieves the highest average F-measure score of 77% using FTA feature
and the lowest score of 56% using avg_EFF_mid feature. Using FTA feature Naive Bayes
classifier achieves the highest average F-measure score of 80% and has the lowest average
F-measure score of 53% using avg_TOV feature. Among nine features FTA feature performs
well on all classifiers while avg TOV performs worst on all classifiers.
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Figure 3.15: Individual Feature Analysis of Dataset B.

3.10.1.3 Individual Feature Analysis of Dataset C Fig.3.16 shows individual feature
analysis of the selected feature set of Dataset C. CART classifier achieves the highest average
F-measure score of 76.1% using EFF_begg and achieves the lowest average F-measure score
of 75% using FT feature. Using the FT feature, SVM model achieves the highest average
F-measure of 76% while using EFF_begg feature SVM achieves the lowest score of 73%.
Using the MEMM model with FT feature achieves the highest average F-measure score of
78% while EFF _begg feature achieves the lowest score of 74%. Using the Bayesian Network
classifier with FT feature gives the highest average F-measure of 73% whereas HGS gives the
lowest score of 69.8%. Among the three features, FT achieves the best average F-measure
score on all classifiers whereas EFF_begg achieves a low score on SVM, MEMM and Naive
Bayes classifiers as compare to FT (Free Throw) and HGS (Hollinger Score) features.

3.10.2 Category Wise Analysis

This section presents category wise analysis of various features. Combination of features
into different categories is important to know the strenght of each category on classification
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Figure 3.16: Individual Feature Analysis of Dataset C.

results. Feature types w.r.t to type and size are analyzed in this section for all of the three
datasets. Fig.3.17 shows visual comparison of different categories of features.

3.10.2.1 Analysis of Features Classified By Type Table.3.13 shows analysis of three
types of features for dataset A. Derived features achieve highest average F-measure score on

all classifiers.
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Figure 3.18: Comparison of F-measure score of different classifiers on three datasets.

ﬁ

Using Derived Features, CART and SVM produce highest average F-measure score of 89%
whereas MEMM and Naive Bayes classifiers produce low average F-measure score of 87%
using Derived Features. Second highest average F-measure score is produced by using Basic
Features. By using Basic Features SVM achieve highest average F-measure score of 88%
whereas MEMM and Naive Bayes produce a low score of 84%. Shooting Features produce

low average F-measure score as compare to Basic and Derived Features. Shooting Features
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achieve highest average F-measure score of 86% on MEMM model whereas it produces
low average F-measure score of 81% using Naive Bayes classifier. Table.3.13 shows the
analysis of features classified by type for dataset B.Derived Features give highest average F-
measure score of 86%, 87% and 83.4% for CART, MEMM and Bayesian Network classifiers
respectively. On SVM classifier Derived Features produce average F-measure score of 84%
which is greater than the average F-measure scores of Basic features and is less than average
F-measure score of Shooting Features. On Naive Bayes classifier Derived Features achieve
average F-measure score of 80% which is greater than average F-measure score of Basic
Features but less than the average F-measure score of Shooting Features on Naive Bayes
classifier. Shooting Features on SVM and Naive Bayes Classifier achieve highest average F-
measure score of 85% and 81% respectively. Using CART and MEMM classifiers produce
average F-measure score of 83% and 84% respectively which is greater than the average
F-measure scores on CART and MEMM for Basic Features and less than the average F-
measure scores of the Derived Features on said classifiers. Using Basic features on CART,
SVM, MEMM, Bayesian Network and Naive Bayes achieve average F-measure scores of
82%,80%,81%, 82.6% and 77% respectively which are less than the average F-measure
scores of shooting and derived features for the said classifiers. Table.3.13 show the analysis
of features classified by type for dataset C. Derived Features achieve average F-measure
scores of 80.9%, 79%, 95%, 68% and 78% on CART, SVM, MEMM, Bayesian Network and
Naive Bayes classifiers respectively. Shooting Features achieve average F-measure score of
81.1% which is greater than both basic and derived Features used on CART classifier. Using
shooting Features on SVM and Naive Bayes classifier achieve average F-measure score of
78% and 72% which is greater than average F-measure score of 74% and 65% for basic
features used on said classifiers. MEMM and Bayesian Network classifier achieve average
F-measure score of 91% and 63% using shooting features which is less than from both basic
and derived features used on the said classifiers. Overall Derived Features achieve better

results on all classifiers.

3.10.2.2 Analysis of Features Classified By Size In the previous section we presented
detailed analysis of features classified by type for all of the three datasets. In this section
we are going to see how the size of feature set affects the accuracy of rising star predic-
tion. Table.3.14 shows average F-measure scores of different size of feature sets on different
classifiers for dataset A. Selected Features achieve highest average F-measure scores on all

classifiers except CART where average F-measure score of selected features is greater than
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all feature set but less than derived feature set. Using selected feature set on CART, SVM,
MEMM, Bayesian Network and Naive Bayes classifiers achieve average F-measure scores
of 88.9%, 90%, 90%, 89% and 88% respectively. Using derived features with CART, SVM,
MEMM, Bayesian Network and Naive Bayes classifiers achieve average F-measure scores
of 89.2%, 89%, 87%, 88% and 87% respectively. Using all feature set on CART, SVM,
MEMM, Bayesian Network and Naive Bayes classifier achieve average F-measure scores of
88%, 88%, 85%, 85% and 85% respectively. We can clearly observe that selected features set
with only 7 features achieve better average F-measure scores as compare to derived and all
feature sets. The derived feature set only with 16 features achieve better average F-measure
scores as compare to all feature set that have total 47 features. This concludes that for dataset
A, the average F-measure score is improved by reducing the number of features. Table.3.14
shows different average F-measure scores for different classifiers with different size of fea-
ture sets using dataset B. selected feature set achieve highest average F-measures scores of
84.4% and 81.3% on Bayesian Network and Naive Bayes classifiers whereas derived fea-
tures achieve lowest average F-measure scores of 83% and 80% for Bayesian Network and
Naive Bayes respectively. Derived Feature set achieve highest average F-measure scores of
86% and 87% on CART and MEMM classifiers respectively whereas both classifiers achieve
low average F-measure score of 81% using selected features. All feature set achieve highest
average F-measure score of 86% using SVM classifier. Average F-measure scores of CART
and MEMM using all feature set is greater than average F-measure scores of selected features
on said classifiers whereas the same scores are less than the average F-measure scores of de-
rived features on CART and MEMM classifiers. The analysis concludes that selected feature
set with only 9 features achieve highest average F-measure scores on Bayesian Network and
Naive Bayes Classifiers whereas Derived Feature set with 16 features achieve highest aver-
age F-measure scores on CART and MEMM models. All Feature set with 47 features achieve
highest average F-measure score on SVM classifier. We observed that reduced number of
features (selected feature set and derived feature set) achieved highest average F-measure
score on CART, MEMM, Bayesian Network and Naive Bayes classifiers. Table.3.14 shows
different average F-measure scores for different classifiers with different size of feature sets
using dataset C. Using CART and SVM on all feature set achieve highest average F-measure
scores of 83% and 91% respectively whereas all feature set achieve low average F-measure
score of 66% on Bayesian Network classifier. Derived Features achieve highest average F-
measure score of 95% and 78% on MEMM and Naive Bayes classifiers. Selected features

achieve highest average F-measure score of 69% on Bayesian network classifier whereas

Zafar Mahmood: 82-FBAS/PHDCS/F12 Page 71



o

Chapter 3 Rising Star Prediction in Basketball

same features achieve low average F-measure scores of 71%, 72%,75% and 72% on CART,
SVM, MEMM and Naive Bayes classifiers respectively. Derived Feature set achieve highest
average F-measure of 95%, second and third highest average F-measure score of 94% and
91% respectively is achieved by all feature set. MEMM classifier outer perform than other

classifiers on each of the feature set.

3.10.3 Classifier Wise Analysis

In this section we present comparison of average F-measure scores for various classification
models for the three datasets. Each dataset is divided into 10 to 100 instances. Fig.3.18

shows visual comparison of different machine learning models.

3.10.3.1 Analysis of Features Classified By Type In this section we will see how well
various classification model performs on three datasets using the features classified by type.

3.10.3.1.1 Dataset A Table.3.13 show F-measure score analysis of different classifiers
while using Basic Feature set. Every classifier achieved a maximum of 100% F-measure but
SVM dominates all other classifiers by achieving 88% of average F-measure score for 10-
100 instances. CART and BN stands second by achieving 85% of average F-measure score.
NB and MEMM achieved lowest average F-measure of 84%. Table.3.13 shows F-measure
score analysis for different classifiers while using Shooting Feature set. MEMM classifier
dominates all other by achieving average F-measure score of 86% for 10-100 instances. The
second-best average F-measure score of 83% is achieved by CART and SVM and BN. NB
achieved the lowest average F-measure score of 81%. Same experiment was performed for
dataset A using derived feature set. Table.3.13 shows detailed model analysis for dataset A
by using derived feature set. CART and SVM dominates all others with average F-measure
score of 89% for 10-100 instances. BN stands second with average F-measure score of 88%
whereas MEMM and NB are ranked third 87% of average F-measure score.

3.10.3.1.2 Dataset B This section present analysis for different model by using dataset B
with different type of feature sets. Table.3.13 shows that BN dominates all other classifiers by
achieving average F-measure score of 82.6% for 10-100 instances. The second-best average
F-measure score of 82% is achieved by CART classifier. MEMM is ranked third with average
F-measure score of 81% whereas SVM is ranked fourth with average F-measure score of

80%. NB achieved lowest average F-measure score of 77%. The same experiment was
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conducted by for dataset B using shooting feature set. Table.3.13 shows that SVM achieve
highest average F-measure score of 85% for 10-100 instances. The second highest average
F-measure score of 84% is achieved by MEMM model. BN is ranked third by achieving
83.3% of average F-measure score. CART is ranked fourth with average F-measure score
of 82.5%. NB achieved lowest average F-measure score of 81%. Table.3.13 shows average
F-measure score analysis for different classifiers while using Derived Feature set. MEMM
dominates all other classifiers by achieving average F-measure score of 87% for 10-100
instances. Second best average F-measure score of 86% is achieved by CART model. SVM
is ranked third with average F-measure score of 84%. BN is ranked fourth with average
F-measure score of 83.4%. NB achieved lowest average F-measure score of 80%.

3.10.3.1.3 Dataset C This section present analysis for different model by using dataset C
with different type of feature sets. Table.3.13 shows that by using Basic feature, the highest
average F-measure score of 96% is achieved by MEMM model for 10-100 instances. CART
is ranked second with average F-measure score of 80%. SVM with average F-measure score
of 74% is ranked third. NB is ranked fourth with average F-measure score of 65%. BN is
ranked last with an average F-measure score of 64%. Table.3.13 show that by using shooting
feature set, highest average F-measure score of 91% is achieved by MEMM model. The
second highest average F-measure score of 81.1% is achieved by CART model. SVM with
average F-measure score of 78% is ranked third whereas NB with 72% and BN with 63% of
average F-measure score are ranked fourth and fifth respectively. Table.3.13 shows that by
using derived feature set, highest average F-measure score of 95% is achieved by MEMM
model. CART is ranked second with average F-measure score of 81%. The third highest
average F-measure score of 79% is achieved by SVM model. NB is ranked fourth with
average F-measure score of 78% whereas BN is ranked fifth with average F-measure score
of 68%.

3.10.3.2 Analysis of Features Classified By Size In previous section we discussed the
effectiveness of various classification models with respect to features classified by type. In
this section we will see the effectiveness of different classification models with respect to

features classified by size for each dataset.

3.10.3.2.1 Dataset A Table.3.14 shows that by using all feature set, CART and SVM
models achieved highest average F-measure score of 88% whereas MEMM, BN and NB
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achieved average F-measure score of 85%. Table.3.14 show effectiveness of different models
by using derived feature set. CART model achieved highest average F-measure score of
89.2%. SVM with average F-measure score of 89% is ranked second. BN with average
F-measure score of 88% is ranked third. MEMM and NB are ranked fourth with average F-
measure score of 87%. Table.3.14 shows effectiveness of different models by using selected
feature set. SVM and MEMM achieved highest average F-measure score of 90%. Second
highest average F-measure score of 89% is achieved by BN. CART and NB are ranked third
and fourth with average F-measure scores of 88.9% and 88% respectively.

3.10.3.2.2 Dataset B Table.3.14 shows that by using all feature set SVM and MEMM
models achieved highest average F-measure score of 86%. BN is ranked second with average
F-measure score of 83.5%. Third highest average F-measure score of 83% is achieved by
CART model. NB achieved lowest average F-measure score of 80.5%. Table.3.14 shows
that by using derived feature set MEMM achieved highest average F-measure score of 87%.
Second highest average F-measure score of 86% is achieved by CART model. SVM is
ranked third with average F-measure score of 83.9%. BN with average F-measure score of
83% is ranked third. The lowest average F-measure score of 80% is achieved by NB model.
Table.3.14 shows that by using selected feature set SVM and BN achieved highest average
F-measure score of 84.4%. Second highest average F-measure score of 81.3% is achieved
by NB classifier. MEMM and CART achieved lowest average F-measure score of 81%.

3.10.3.2.3 Dataset C Table.3.14 shhows that by using all Feature set MEMM is ranked
first by achieving highest average F-measure score of 94%. SVM with average F-measure
score of 91% is ranked second. The third highest average F-measure score of 83% is achieved
by CART model. NB is ranked third with average F-measure score of 77%. BN achieved
lowest average F-measure score of 66%. Table.3.14 shows effectiveness of different models
by using derived feature set. MEMM achieved highest average F-measure score of 95%.
Second highest average F-measure score of 81% is achieved by CART model. SVM with
average F-measure score of 79% is ranked third. Fourth highest average F-measure score
of 78% is achieved by NB model. BN achieved lowest average F-measure score of 68%.
Table.3.14 shows that by using selected feature set. Highest average F-measure score of
75% is achieved by MEMM model. Second highest average F-measure score of 72% is
achieved by SVM and NB models. CART achieved third highest average F-measure score
of 71%. BN achieved lowest average F-measure score of 69%.
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3.11 Season-wise Rankig Comparison Of Top 20 Labeled Rising Stars

From the labeled rising stars, Table.3.15 shows ranking of top-20 labeled rising stars. JamesL
who is ranked at top in the labeled rising stars remain in top in four seasons (2009-2010 To
2012-2013), while the same player is still ranked in top 5 in 2013-2014 and 2014-2015
season. GarnetK has better ranking (appeared in top-100) in seasons 2009-2010 to 2012-
2013, whereas the ranking of same player is reduced in subsequent seasons. Other players
like NowitzkiD, BryantK,WadeD,PaulC, DuncanT, BoshC, GasolP, HowardD and AnthonyC
are ranked in top-100 in all seasons given in the Table.3.15. Season-wise ranking presented
in Table.3.15 are taken from a sports website’. Fig.3.19 shows season wise change in the
ranking of top-20 labeled players. Fig.3.19 clearly indicates that out of 20 top-labeled rising
stars most of the players are ranked in top-100. Only 3 to 5 players are ranked above 100.

Shttp://www.espn.com/nba/seasonleaders
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Figure 3.19: Season Wise Ranking of Top 20 Labeled Rising Stars.

Rising Stars VS NBA Most Improved Player

6https://www.nba.(:om/history/awards/most-

improved

o
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Figure 3.20: Comparison of Rising Stars Vs NBA Most Improved Players (Bar labeled with
text "MIP” shows NBA most improved player of releavent season)

and category wise analysis. Comparison of rising stars with NBA most improved players is
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4 Exploring Attributes for Rising Stars in Baseball

This chapter discuss basic concepts of baseball, baseball dataset, features for rising star

prediction and experimental results.

4.1 Basic Concepts of Baseball

This section discuss baseic terminologies of baseball like,baseball field, team structure and

player positions in the field.

4.1.1 Baseball Field

The ground where baseball game is called baseball field. Due to its shape baseball field is
also called diamond. The baseball field consist of four bases, pitcher’s mound, infield and

outfield positions.

4.1.2 Team Structure

Each team in baseball comprises on nine players. Batting team has hitter and 3 Base runners,
whereas other players sit outside field. In case of strike the player sitting outside come into
play. The fielding team has pitcher and catcher and fielders.

4.1.3 Positions

Positions of players in baseball are as following:

1. Pitcher: It is the player who pitches ball to the hitter.

2. Catcher: Player of opponent team standing behind the hitter is called pitcher.
3. 1st Baseman: Fielder who positions near 1st Base.

4. 2nd Baseman: Fielder who positions on 2nd Base.

5. 3rd Baseman: Fielder who positions on 3rd Base.

6. Shortstop: Fielder positions between 2nd and 3rd Base.

7. Leftfielder: Outfield behind 2nd and 3rd base.
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8.

9.

Centerfielder: Outfield behind 2nd base.

Rightfielder: Outfield behind 1st and 2nd base.

4.1.4 Basic Rules

Following are the general rules of baseball game.

1.

2.

4.2

Baseball game comprise of two teams with nine players each.

Fielding team comprises of pitcher,catcher,first baseman,second baseman,third base-
man,three outfielders at left field,right field and centre field.

There are nine innings in baseball game, extra inning is played if game is tie after ninth
inning.
choosen batting order can not be changed during the game.

If the batter hit the ball from the pitcher, at least they must try to get first base. They
can then run to as many bases as they wish before being tagged out. Each base must
be touched with some part of the batters body when running past.

When a batter tries to hit the ball but miss to hit then its is called strike. Three contin-

uous strikes results in out of the batter.

Dismissal of a batter can occur through strikeout, force out, fly out and tag outs.

Baseball Dataset

The dataset was constructed by extracting players statistics from baseball retrosheet log files.

Only those players are included in dataset who played at least 100 games. For labeling of

Rising Stars only those players are selected who debuted in season 2005 and 2006. Total of
140 players were selected who debuted in year 2005 and 2006. Out of 140 players, Top 50
players with highest OPS (On-base plus slugging) are labeled as rising stars and bottom 50

players with lowest OPS are labeled as not-rising stars. Overall Statistics of the dataset are

as following:

Years: 2005-2009
Total Teams: 30
Total Games: 12149
T~ ] Players: 1809
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etrosheet Log File:
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Figure 4.1: Flow Chart showing dataset acquisition process for baseball data.
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Debuted in 2005-2006: 140

For each labeled player his co-players are selected who appeared in same games in which
the labeled player played. For all of the co-players their features are computed. Flowchart in

Fig.4.1 show the processing of building dataset.

4.3 Features for Rising Star Prediction

Features used for rising star prediction in baseball are listed in table 4.1.

Table 4.1: Details of Features Used for Rising Star Prediction

S.No Feature Description
1 G Number of Games
2 PA Plate Appearence
3 AB At Bat
4 H Hits
5 1B Single Run
6 2B Double Run
7 3B Triple Run
8 HR Home Run
9 R Runs
10 RBI Runs Batted In
11 BB Base on Ball
12 k Strikes
13 BA Batting Average
14 OBP On Base Percentage
15 SLG Slugging Percentage
16 OPS On-base plus slugging
17 TB Total Bases
18 GDP Grounded into Double Play
19 HBP Hit By Pitch
20 SH Sacrifice Hits
21 SF Sacrifice Fly
22 IBB International Base on Balls
23 RBOE Reached Base on Error
24 BABIP Batting average on balls in play
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4.4 Features Categorization

Features are categorized by using feature selection, these categories of features are obtained

by using feature selection method.. We used random forest classifier for feature selection.

Table 4.2: Top S Selected Features

S.No Feature Description
1 G Number of Games
2 BB Base on Balls
3 OBP On Base Percentage
4 SH Sacrifice Hits
5 BABIP Batting average on balls in play
Table 4.3: Top 10 Selected Features
S.No Feature Description
1 G Number of Games
2 PA Plate Appearance
3 3B Triple Run
4 BB Base on Balls
5 k Strikes
6 OBP On Base Percentage
7 SLG Slugging Percentage
8 HBP Hit By Pitch
9 SH Sacrifice Hits
10 BABIP Batting average on balls in play

4.5 Experiments

This section discusses about category and classifer wise experiments performed.

4.5.1 Category-Wise Analysis

Table.4.5.1 shows F-measure score achieved by each category of feature by using different
classification models. The first category,Top 5 Features achieved best results as compare
to other categories. The first category not only have the minimum number of features but
also have better accuracy than other categories. The highest F-measure score of 84% is
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Table 4.4: Top 15 Selected Features

S.No Feature Description
1 G Number of Games
2 1B Singles
3 3B Triple Run
4 R Runs
5 RBI Runs Batted In
6 BB Base on Balls
7 k Strikes
8 SLG Slugging Percentage
9 OPS On-Base Plus slugging
10 TB Total Bases
11 GDP Grounded into Double Play
13 HBP Hit By Pitch
14 SH Sacrifice Hits
15 SF Sacrifice Fly

Table 4.5: Top 20 Selected Features

S.No Feature Description
1 G Number of Games
2 AB At Bat
3 H Hits
4 1B Singles
5 2B Doubles In
6 3B Triples
7 HR Home Run
8 R Runs
9 RBI Runs Batted In
10 BB Base on Balls
11 k strikes
12 OBP On Base Percentage
13 SLG Slugging Percentage
14 OPS On-base plus slugging
15 TB Total Bases
16 HBP Hit By Pitch
17 SH Sacrifice Hits
18 SF Sacrifice Fly
19 IBB International Base on Balls
20 BABIP Batting average on balls in play
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achieved by first category of features by using Navive Bayes classifier. Top 10, Top 15 and
Top 20 categories achieved same highest F-measure score of 83% by using SVM classifier .
Comparison shows that there is no significant improvement in F-measure score when feature
size is above 10. Fig.4.2 shows average F-measure score of each category of feature on
CART,SVM,MEMM,NB and BN classifiers.

Model Top5Features ToplOFeatures Topl5Features Top20Features AllFeatures

CART 0.80 0.81 0.81 0.81 0.81
SVM 0.83 0.83 0.83 0.83 0.83
MEMM 0.81 0.79 0.77 0.77 0.80
BN 0.87 0.76 0.74 0.74 0.73
NB 0.84 0.75 0.73 0.73 0.73

0.84
0.83
0.82
w 081
3 wy
2 0.8 ;::
s 079 - £ 2 2
, 4 S S
w 0.78 < o vy
9 | % £
2 077 3 g fj
woo . 3 E:
g 076 ik . g
0.75 «5 g >
0.74 = ; =
TCP S TOP 10 TOP 15 TOP 20 ALL FEATURES
FEATURES FEATURES FEATURES FEATURES
FEATURE SET

Figure 4.2: Comparison of different Feature Sets.

4.5.2 Classifier-Wise Analysis

Each classification models was applied on Top5, Top 10, Top 15 and Top 20 selected feature
categories. In Fig.4.2 for each of classification model their F-measure score is average of all
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categories of features. The comparison shows that SVM achieved highest average F-measure

score of 83%.
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o
)

o
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MODEL
B CART mSVM = MEMM BN mNB

Figure 4.3: Comparison of different Machine Learning Classifiers.

4.6 ML models For Rising Star Prediction in other Domains

As we used machine learning models for rising star prediction in the game of basketball.
Similar machine learning models have been used for rising star prediction on other domains
as well. Table.4.6 shows comparison of F-measure score of various machine learning models

used for rising star prediction in various domains.

Comparison of different ML models in different domains shown in Table.4.6 are best F-
measure scores on these domains from different experiments using different features and
datasets. It can be observed that MEMM classifier showed better performance in Basketball
and co-author network domains whereas in cricket MEMM was not applied. Performacne of
CART models was greater than 80% in all domains exept the domain of Pakistani Research
Community where its performance is worst. Performance of SVM is not much different in
Basketball and Cricket domain and this model is not used in co-author netowrk and Pakistani
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Table 4.6: Comparison of F-Measure of ML models in different Domains for Rising Star
Prediction

Domain CART SVM MEMM BN NB
Baseball 80.0 83.0 81.0 87.0 84.0
Basketball 89.2 91.0 96.0 89.0 88.0
Cricket[14] 90.1 92.6 - 91.1 94.5
Co-Author Netowrk[4] 99.0 - 100.0 93.0 92.0
Pakistani Research Community[110] 50.0 - 98.0 96.0 96.0

research community domains. BN and NB models performed well in Pakistani research

community and baseball domains as compared to its performance in other domains.

Bayesian Network performed better in Baseball domain because only releavent features were
used and Bayeseian Network handle both dependent and independent relaitonship among
features. There may be two reasons of better performance of MEMM in Basketball do-
main: discriminative nature of MEMM classifier and distance between data points of the
two classes. As for as the misclassification of machine learning models is concerned, its is
due to position of data points. When certain data points are very close to both classes then it
is very hard for the classifier to correctly classify and it may lead to misclassify the instance.

4.7 Chapter Summary

In this chapter we explored attributes that can be useful for rising star prediction in baseball.
Basic terminologies related to baseball such as baseball field, team structure and positions
and basic rules of baseball are discussed. The process of acquiring baseball dataset and
labeling of dataset is discussed in detail and flowchart for data acquisition is also presented.
Various types of features and their description is also presented. Random forest classifier
have been used to group features into three categories. Experimental results include cateogy
wise and classifier wise analysis. At the end comparison of varios machine learning models

in basketball and baseball with other related domains is presented.
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S Impact of Expert Players on Performance of Junior Play-
ers

This chapter discuss dataset and experimental results that find the impact of expert players

on performance of junior players.

5.1 Dataset Description and Experiment Setup

Here in this section we discussed dataset description and experimental settings that we have
used for analysis. We have taken data of baseball hitters from year 2005 to 2009 from
www.retrosheet.org platform. Important statistics of the data are:

Total Games (2005-2009): 12149

Total Teams: 30

Total Players: 1809

No of Expert Players: 15

Number of players in Group A (Players who appeared with Expert Player): 988

Number of candidates in Group A in IP: 197

Selected from Group A having maximum games: 158

Number of players in Group B (Players never played with Expert Players): 806

Number of players in Group B in IP: 158

Table 5.1: Experiment Setup

S.No Terminology Description
1 Identifying Period (IP) Time Period of 2005,2006
2 Verifying Period (VP) Time Period of 2007-2009
3 Expert Players Top 15 selected players
4 Group A Players that have played with expert players
5 Group B Players that have never played with expert players

We divided the time span into identifying and verifying periods. Identifying period consist
of year 2005 and 2006, whereas verifying period consists of year 2007 to 2009. The purpose
of identifying period is to select players who have debuted in year 2005 and year 2006. The
aim of dividing time span into identifying and verifying period is to see whether performance
cf players have been improved or declined in the verifying period. Further, we have selected
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selected top 15 expert players. We furhter divided players into Group A and Group B. Players
in Group A are those players who have played with expert players whereas players of Group

B are those players who never appeared in any game with expert players.

5.2 Candidates Comparison of Group A and Group B

Candidates comparison of Group A and Group B are shown in Table 5.2. The number of
candidates in each group are 158 which make both groups balannced. Group A has more
number of players that have played games greater than 100 as compared to group B. Similarly
for number of Games greater than 200 Group A is still dominant. If number of Games played
in identified period are compared, then we can observe that candidates of Group A has played
more games as compared to candidates of Group B. Similary comparison of number of games
played in verifying period shows that candidates of Group A have played more number of
games as compared to candidates of Group B. If we compare the last game played, it can
be seen that players of Group B are quiting their career very early as compare to Group A.
The comparison also shows that players of Group A have better OPS as compared to players
of Group B. The comparison of both groups conclude that the players of Group A are more

active and better in performance as compared to players of Group B.

Table 5.2: Number of Games and OPS Comparison of Group A and Group B

Candidates Group A Percentage A GroupB  Percentage B
Number 158 158

Games>=100 79 50.000 41 25.949
Games>=200 58 36.709 27 17.089
Games in [P>=50 42 26.582 26 16.456
Games in IP>=100 23 14.557 14 8.861
Games in VP>=50 83 52.532 42 26.582
Games in VP>=100 66 41.772 34 21.519
Games in VP>=150 55 34.810 27 17.089
Last Game in 2005 5 3.165 24 15.190
Last Game in 2006 14 8.861 20 12.658
Last Game in 2007 7 4.430 26 16.456
Last Game in 2008 23 14.557 22 13.924
Last Game in 2009 109 68.987 66 41.772
Having OPS>= 0.7 (G>=50) 37 23418 21 13.291
Having OPS>=0.5 (G>=50) 76 48.101 46 29.114
Having OPS>=0.3 (G>=50) 83 52.532 49 31.013
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comparison of Group A and Group B
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Figure 5.1: Candidates comparison of Group A and Group B.

5.3 Performance Analysis of Group A and Group B

A detailed analyis of Group A and Group B is carried out in Table 5.3. The number of
candidates in Group A are more as compared to Group B in both identified and verified
periods. If we look at number of games played during identified and verified periods, the
results shows that Group A is dominant in term of number of games played in verified period.
If we look at OPS comparison, it can be clearly observed that OPS of players of Group A have
been much improved in verified period as compared to the improvement in OPS of players of
Group B in verified period. Comparison of runs R of Group A and Group B in both identified
and verified period shows that Group A have more increase in R value as compared to R value
of players of Group B. Home runs (HR) comparison shows that candidates of Group A have
better improvement in verified period as comared to improvement in HR of Group B. Players
of Group A have better improvement in RBI(runs batted in) in verified period as compared
to improvement in RBI of Group B.
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Table 5.3: Performance Analysis of Group A and Group B

3 e < a T £ 3 g
E s 3 3 3 8 8 8 8
3 s § 6 &§ & & & &
Number 153 130 139 114

Games>=100 23 14 66 34  15.033 10.769 47.482 29825
Games>=200 4 3 51 25 2.614 2308 36.691 21930
Having OPS>= 0.7 (G>=50) 25 12 38 21 16340 9.231 27338 18.421
Having OPS>=0.5 (G>=50) 38 26 70 35 24837 20.000 50.360 30.702
Having OPS>=0.3 (G>=50) 42 26 78 40 27.451 20.000 56.115 35.088
Having R>=30 31 18 63 34  20.261 13.846 45.324 29825
Having R>=50 18 11 54 32 11.765 8.462 38.849 28.070
Having R>=100 6 2 41 22 3922 1.538 29.496 19.298
Having HR>=10 19 10 51 25 12418 7.692 36.691 21.930
Having HR>=20 8 4 32 24 5.229 3.077 23.022 21.053
Having HR>=30 3 0 27 19 1.961 0.000 19424 16.667
Having RBI>=25 33 19 62 34 21569 14.615 44.604 29.825
Having RBI>=50 15 12 52 28 9.804 9231 37410 24.561
Having RBI>=100 5 3 36 22 3.268 2.308 25.899 19.298
Having BA>=0.1 (G>=50) 42 26 80 41 27.451 20.000 57.554 35.965
Having BA>=0.2 (G>=50) 37 23 64 33 24.183 17.692 46.043 28.947
Having BA>=0.3 (G>=50) 3 4 5 1 1.961 3.077 3.597 0.877
Having K>=50 32 16 76 37 20915 12.308 54.676 32456
Having K>=100 10 52 25 6.536 3.077 37.410 21930
Having K>=150 3 1 36 20 1.961 0.769 25899 17.544
Having 1B>=25 39 25 74 36 25490 19.231 53.237 31.579
Having 1B>=50 25 16 60 34 16340 12.308 43.165 29.825
Having 1B>=100 9 10 49 25 5.882 7.692 35252 21.930
Having 2B>=10 38 20 69 35 24837 15.385 49.640 30.702
Having 2B>=20 22 12 56 28 14379 9231 40.288 24.561
Having 2B>=30 7 7 46 23 4.575 5385 33.094 20.175
Having 3B>=4 16 5 40 20 10.458 3.846 28.777 17.544
Having 3B>=7 7 3 26 12 4.575 2.308 18.705 10.526
Having 3B>=10 2 2 15 6 1.307 1.538 10.791 5.263
Having H>=50 34 19 70 35 22222 14615 50360 30.702
Having H>=100 16 12 54 33 10458 9.231 38.849 28.947
Having H>=150 10 8 48 24 6.536 6.154 34.532 21.053
Having AB>=100 46 29 84 42  30.065 22308 60432 36.842
Having AB>=300 23 14 59 34  15.033 10.769 42.446 29.825
Having AB>=500 11 9 52 26 7.190 6.923 37410 22.807
Having PA>=100 50 30 86 42 32,680 23.077 61871 36.842
Having PA>=300 29 16 62 35 18.954 12.308 44.604 30.702
Having PA>=500 12 10 53 27 7.843 7.692 38.129 23.684
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Since players of Group A have have played more number of Games in both identified and
verified periods, they also have high number of strike outs as compared to players of Group
B. The comparison of other indicators like 1B,2B,3B,H,AB and PA shows that players of
Group A have better improvement as compared to players of Group B. The analysis conclude

that playing with expert players can have positive impact on performance of junior players.

Comparison of Identified and Verified Periods of Group A and Group B

tGoun A {7 ¥ Grolp B 1Py G

5]

JR SN ) Zooen BiuR

I

f-
3
Lk N

¢
o

iy 3B -d

Hae
Hav

131

1o T

?,
0
Aaving BA~~D L (G507 WRIRTIY L L.

ad
J
NN
13
J
233 <

fomber T
1
~22t

g i =28
Ang 1Ba~S0 ¥

sl
i
n
"
I
0

5¥ sy U
gl
2 H-

Lan e =109
Having PS5 =0 516 -
ing HR -~

ang RBE- 225

> S 5> 5%

da e MR-

Hawving Ra =20
H
Ha
Ha»
tla
Ha v

Ha
Haw
Ha

Ha

Hawing R
ang R
ing HF

Hz

Hay ng RBL-

%
xr
&
<
3

:,._}
z

Hawing 12FS >0 340

braving Cibs e

Figure 5.2: Performance analysis of Group A and Group B.

Spearsman correlation is performed for both Group A and Group B for identified and veri-
fied periods. Reason for using spearsman correlation test [111] is because both group shows
proportion of players and the data is not normalized, so its nature is nonparametric. For
both groups the spearsman correlation value is 0.9, which show a strong relationship be-
tween identified and verified periods of both groups. To further examine which group has
better improvements in verified period, average of both identified and verified periods was
calculated. For Group A, average of performance indicators was 24.25 in identified period
whereas the average of perfomance indicators in verified period was improved to 55.79. For
Group B average of performance indicators in identified period was 15.66 whereas avereage

of performance indicators was improved to 30.33 in verified period. The said comparison
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Comparison of ldentified and Verified Periods of Group A and Group B
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Figure 5.3: Performance analysis of Group A and Group B (Percent Wise).

shows that performance of players in Group A was much improved as compared to perfor-
mance of players in group B.

5.4 Chapter Summary

In this chapter we performed analysis whether playing with expert and senior player will
increase or decrese performance of junior players?. To find the impact of expert players on
performance of junior player, first top fiften expert players were selected. Two groups were
formed, the first group contanied the players who appeared in same games where expert
players were part of the team. The second group contained players who never appeared
with expert players in any game. The comparison of two groups showed that players who

appeared with expert players have better performance as compared to the players who never
appeared with expert players.

Zafar Mahmood: 82-FBAS/PHDCS/F12 Page 95



Chapter 6

Conclusion and Future Work



Chapter 6 Conclusion and Future Work

6 Conclusion and Future Work

This section discuss limitation coclusion and expected future work of rising star prediction

in various other domains.

6.1 Conclusion

Ranking of players on basis of their career statistics is useful when the player has played
enough games but it is difficult to measure the strength of the players who just started his
career and has played few games. One of the limitations of ranking on past performance is
that it does not tell about future performance of the players. Machine learning techniques
are widely used nowadays for future prediction. In this thesis we used machine learning
techniques to predict whether a player is rising star or not rising star. Unlike to ranking of
players where players past performance is used to rank them. Here in this study we used the
features of the co-players of players to predict player as rising star or not rising star. We also
introduced three types of co-players in this thesis and analysis was performed to measure
how each type of co-player’s features are effective in predicting the rising star in game of
basketball. The co-player features are based on their game statistics, these features were
further classified on the basis of features type and features size, which were further divided

into various categories.

The individual feature analysis shows that the avg_EFF _begg (Average Efficiency at Begin-
ning of Season) whcih belong to derived feature set, achieved highest F-measure of 84%
using SVM classifier on dataset A. If we a look at category wise analysis of feature type,
though basic feature type achieved highest average F-measure of 84% but derived feature
type is dominant on the three datasets. Category wise analysis base on feature size shows
that derived features are dominant on dataset B and dataset C in terms of F-measure whereas
selected features set dominant on dataset A. The model wise analysis shows that MEMM
classifier is dominant in term of F-measure on both features classified by type and by size.
The comparison of ranking of top 20 labeled rising stars with their ranking for the next 6
seasons shows that most of the rising star players have been ranked in the top 100 players
which shows the effectiveness of our rising star prediction. Top five rising star were com-
pared with five most improved players (MIP) of NBA, which showed that rising stars are

better than those of most improved players in term of efficiency.

In this research we used game statistics of co-players as features for rising star prediction in
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basketball. One of the limitation of this study is that it does not consider the physical features
of rising stars or co-players. Physical features like age, weight, endurance, running speed
and other physical attributes may be useful for rising star prediction. The other limitation of
this research work is that it foucus on feature engineering and evaluation of various machine
learning models for rising star predictions in team sports but it does not show how machine

learning classifiers used can be further improved.

6.2 Future Work

In the future, we might extend approach of rising star prediction to other sports like football
and hockey. We will work on motion analysis of rising star players and their co-players to
know the physical interaction of rising stars and their co-players. The other prominent future
work is analysis of player’s performance in local level games before debut in NBA. Interest-
ing work is to use social media data for prediction of rising star in sports.

Rising star concept can be used for the prediction of viral videos. Just like rising stars vi-
ral videos have some properties and using these properties as features to machine learning
classsifier a video can be predicted in advance whether it will become viral or not.

Concept of rising star can also be applied to study the increasing demand of energy. Finding
factors that are directly related to demand of energy, the demand of energy can be forecasted
in advance.

Potential application of rising star can be identify the demanding skills in any industry
through which such skills can be recommended to the youth in advance.

With the rise of big data, before any election event, much of data is generated on social me-
dia like twitter and facebook. Such data can be used by using rising star concept to predict
the winner of election in advance.

Since this thesis used machine learning models with limited datasets, the current work can
be extended to utilize big data platforms like hadoop and use deep learning algorithms to
furhter enchance the current work.

Sicne the current work mostly focus on the applicability of rising star concept in various do-
mains, there is need to develop generalized statistical and mathematical models for finding

rising stars.
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