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Abstract 

This research project focuses on enhancing the analysis of swimming races by adopting a 

segmented approach based on race behaviour. Traditional methods of race analysis often 

overlook variations in performance, race conditions, and individual capabilities. The aim of 

this study is to develop a novel segmentation method that incorporates these factors to provide 

more accurate and insightful race analysis. The research is conducted in collaboration with 

AIMS systems, a company specializing in camera-based race analysis technology. 

The study begins with data preparation and segmentation, followed by visualization techniques 

to analyse race segments effectively. Machine learning algorithms are then applied to identify 

the most suitable model for evaluating segmented race features. The results are validated and 

compared against whole race analysis. 

Key findings include the development of a segmentation approach that improves race analysis 

by considering race behaviour and individual capabilities. Visualization techniques, 

particularly the parallel coordinate plot, seem to be highly effective in analysing race segments 

for fast races and slow races. The lasso algorithm emerges as the preferred choice for feature 

analysis in segmented races. 

Overall, this research project contributes to the advancement of race analysis techniques in 

swimming, benefiting both swimmers and coaches in optimizing training and performance 

strategies. 
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1 Introduction  

Swimming is a form of aquatic locomotion where individuals move through water using 

coordinated movements of their arms, legs, and body. Swimming can be a relaxing and 

meditative activity, offering stress relief and mental relaxation. It is not only a fundamental life 

skill but also a popular recreational activity, competitive sport, and form of exercise.  

In the realm of competitive sports, understanding athletes' behaviour and its impact on 

competition outcomes is vital for enhancing future performance. Performance analysis plays a 

key role in supporting athletes' development from a scientific perspective by objectively 

evaluating actual sports performance. 

Swimming performance analysis serves as a valuable tool for enhancing performance, guiding 

training, and achieving competitive success. By leveraging data-driven insights, swimmers and 

coaches can optimize their approach to training and competition, ultimately realizing their full 

potential in the water.  

The thesis endeavours to analyse the performance of swimming races and comprehend the 

essential characteristics of swimming. It emphasizes identifying areas for improvement in a 

swimmer's performance to achieve optimal results and offers insights to coaches for more 

effective training. To accomplish this, a segmented analysis approach was adopted. 

Additionally, the thesis also seeks to compare the findings with the overall analysis results of 

swimming races. The implementation integrates visualization techniques and machine 

learning algorithms to draw conclusions. The data utilized for this analysis was obtained from 

the AIMS system company [1]. 

 

1.1 Problem definition 

Swimming race analysis is an important factor that helps to have a strategic planning and 

enhanced performance. Traditionally, races are analysed as total race predictions, while some 

approaches segment the race based on fixed distance or time intervals[23]. But these methods 

may not accurately reflect changes in performance, as swimmers' speeds may vary throughout 

the race. Also it may not it account for variations in race conditions or individual capabilities.  

These challenges are being addressed as a part of this thesis. Here the primary focus was on 

identifying a novel approach to segmentation that will incorporate the race behaviour as well 

as individual capabilities. The segmented race is analysed using visualization techniques as 

well as machine learning algorithms. 

 

1.2 Aim and Objective 

The primary aim of this study is to discover a suitable way of race segmentation and utilize it 

to divide the race accordingly. The segmentation technique must be efficient in providing 

improved race analysis. Additionally, this thesis seeks to compare the findings of segmented 

analysis with those of total race analysis. The hypothesis posited by this thesis is that the new 

segmented analysis will offer a promising approach for race analysis for both swimmers and 
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coaches.  

Following research question are developed to address the thesis aims. 

RQ 1: What strategy of segmentation can be implemented to analyse swimming races? 

RQ 2: Which visualization technique can be used to visualize segmented data for fast and slow 

races?  

RQ 3: What is the performance of machine learning algorithms such as Lasso, Ridge, Random 

Forest, and XGBoost in analysing segmented and total swimming race data, considering 

limited dataset? 

 
The objectives of the study are below. 
 

1. The objective of RQ1 is to analyse the data and develop a method for segmenting a race 
that can be used for performance analysis. 

2. The objective of RQ2 involves visualizing fast races and slow races using different 
techniques and selects the one that gives insights for segmented race. This also aims to 
implement the technique for total race as well. 

3. The objective of RQ3 includes modelling the data using lasso regression, ridge 
regression, random forest regression and XGBoost regression and identifies the model 
with highest performance using different evaluation metrics like R2 score, RMSE, MSE 
and MAE. This also includes feature analysis using the selected model for segmented 
race as well as total race. 
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2 Background  

The thesis underscores the significance of analysing races in segments rather than as a whole. 

Central to this study is the critical role of accurate and comprehensive data. The dataset utilized 

in this research was sourced from AIMS systems, emphasizing the importance of reliable data 

in driving meaningful insights and conclusions [1].  

AIM, as the developer of the AIM Camera Analysis System, catalysed a substantial 

transformation in the field of swimming. They utilize camera captured system to measure the 

speed and position throughout an entire race. It is engineered to capture, gather, organize, 

analyse, and assess competitive performance in sports. The swimmers without using any 

particular markers in the body perform in usual way which is acquired by cameras. AIM system 

is seeking enhanced visualization techniques that can provide deeper insights to achieve their 

objective. They wish to incorporate new methods of analysis that they can adapt to their system 

that will benefit both swimmers and coaches. 

 

2.1 Preliminaries  

2.1.1 Regression 

Regression analysis is a set of statistical methods used for the estimation of 

relationships between a dependent variable and one or more independent variables. 

It can be utilized to assess the strength of the relationship between variables and for 

modelling the future relationship between them [11]. 

Regression analysis can be a powerful tool in uncovering the intricate relationship 

between various factors and swimming performance. With careful consideration and 

meticulous attention to detail, regression analysis unveils the hidden currents of 

correlation, guiding athletes, coaches, and sports scientists alike toward optimized 

training strategies and peak performance attainment. Regression analysis helps us 

to determine how many specific features such as cycle rate, depth head, speed head, 

depth hip, or distance per cycle influence the total time of a race. 

2.1.2 Implemented Algorithms 

This section provides an overview of the algorithms used in this thesis. We include 

this information to have an understanding on each algorithm's function before 

moving on to the further sections. We selected these algorithms because they are 

commonly used regression algorithms and are well-suited to our specific problem 

(Refer section 3.3). 

a. Lasso Regression 

Lasso regression (Least Absolute Shrinkage and Selection Operator) is a 

regularization technique used in regression analysis, particularly in the context of 

predictive modelling. It works by adding a penalty term to the regression equation, 

which penalizes the absolute size of the coefficients. This penalty encourages the 

model to shrink the coefficients of less important features toward zero, effectively 

performing feature selection by setting some coefficients to exactly zero. In addition, 
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it reduces over fitting without restricting a subset of the dataset to sole use for 

internal validation. LASSO regression offers a powerful framework for both 

prediction and feature selection [9]. 

Mathematical equation of Lasso Regression 

RSS + λ * (Sum of the absolute value of the magnitude of coefficients) 

Where, 

RSS – Residual Sum of Squares 

λ denotes the amount of shrinkage. 

λ = 0 implies all features are considered and it is equivalent to the linear regression 

where only the residual sum of squares is considered to build a predictive model 

λ = ∞ implies no feature is considered i.e., as λ closes to infinity it eliminates more 

and more features 

 

b. Random Forest Regression 

Random Forest Regression is a machine learning technique that extends the concept 

of decision tree regression. In Random Forest Regression, instead of building just 

one decision tree, multiple decision trees are constructed, each trained on a random 

subset of the data and using a random subset of the features [12]. The Random 

Forest model, known for its high flexibility, frequently achieves high prediction 

accuracy and excels in modelling non-linear and complex interactions. Its notable 

feature lies in providing variable importance measures, which are instrumental in 

identifying informative variables. Moreover, owing to its adaptability to training 

data, Random Forests yield less biased importance measures compared to specified 

underlying models such as linear or logistic regression [20]. 

 

c. XGBoost Regression 

XGBoost (eXtreme Gradient Boosting), a powerful machine learning algorithm 

known for its superior performance in regression and classification tasks, inherently 

conducts feature selection as part of its training process. The XGBoost algorithm has 

been shown to reduce the calculation costs and provide a high model performance. 

It utilizes decision trees as base learners and employs regularization techniques to 

enhance model generalization [10]. By assigning importance scores to each feature 

based on their contribution to predictive accuracy, XGBoost identifies the most 

informative features for model building. This process not only enhances model 

interpretability but also helps in reducing overfitting and improving generalization 

to unseen data. Leveraging XGBoost for feature selection empowers practitioners to 

streamline their models by focusing on the most relevant predictors, thus enhancing 

efficiency and performance in various machine learning applications [13]. 

 

d. Ridge Regression 

Ridge regression is a linear regression technique used to address multicollinearity, 

where independent variables in a regression model exhibit high correlation. It 
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incorporates a penalty term into the ordinary least squares (OLS) objective function 

[14]. This penalty term is proportional to the square of the coefficient magnitudes, 

effectively shrinking them towards zero. 

The ridge regression equation can be written as: 

β^ridge = argmin{(Y - Xβ)'(Y - Xβ) + λβ'β} 

Where: 

Y is the vector of observed dependent variable values. 

X is the matrix of independent variables. 

β^ridge is the vector of estimated coefficients in ridge regression. 

λ is the regularization parameter that controls the amount of shrinkage applied to 

the coefficients. 

 

2.1.3 Evaluation Metrics 

2.1.3.1 MSE - Mean Square Error (MSE) is predominantly utilized in regression models, 

particularly when the target values, which serve as the independent variable, are 

continuous. MSE is also called as L2 loss and is said to be less robust to outliers. 

MSE is used for feature selection use cases as well [15]. It quantifies the average 

squared differences between the actual output and the predicted output, which is 

defined as 

 

2.1.3.2 RMSE - The Root Mean Squared Error (RMSE) assesses a regression model's 

performance by averaging the gap between predicted and actual values, indicating 

prediction accuracy. A lower RMSE signifies better model performance, with a 

perfect model achieving an RMSE of 0, predicting exact expected values every time 

[16]. RMSE values span from zero to positive infinity and are measured in the same 

units as the dependent (outcome) variable. 

 

2.1.3.3 R-Squared - R-Squared (R²) or the coefficient of determination is a statistical 

metric within a regression model. It assesses the extent to which the variance in the 

dependent variable can be accounted for by the independent variable. R-squared 

shows how well the data fit the regression model [17]. 
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2.1.3.4 MAE - Absolute error refers to the magnitude of the difference between the 

prediction of an observation and the true value of that observation. Mean Absolute 

Error (MAE) takes the average of absolute errors for a group of predictions and 

observations, providing a measurement of the magnitude of errors for the entire 

group. MAE can also be referred to as the L1 loss function [16]. 

 

2.1.4 Visualization 

Data visualization entails presenting information and data in a visual format. 

Utilizing elements such as charts, graphs, and maps, data visualization tools offer a 

user-friendly means to observe and comprehend trends, anomalies, and patterns 

within data. Visualization is another form of visual art that grabs our interest and 

keeps our eyes on the message. One image can speak thousand words. 

2.1.5 Spotfire 

TIBCO Spotfire is an artificial intelligence-based analytics platform [24]. Spotfire is 

a powerful data visualization tool with unique features and capabilities. With 

Spotfire, users can easily import data from various sources, such as databases, 

spread sheets, and cloud services. They can then explore and analyse the data using 

a variety of visualization techniques. Users can customize the appearance and 

behaviour of visualizations, including colours, labels, axes, and tooltips, to effectively 

communicate insights and findings. Overall, Spotfire empowers users to visually 

explore, analyse, and communicate insights from their data in a highly intuitive and 

interactive manner, facilitating better understanding and decision-making. 

2.1.6 Swimming Terms 

Before we start looking closely at how swimmers perform with machine learning, it’s 

essential to familiarize with the terminology specific to swimming. This section 

provides an overview of key swimming terms and concepts necessary for 

interpreting the data and findings presented in the case study. Knowing these terms 

will helps to interpret the data accurately and make better sense of our analysis.  

There are 4 main types of swimming strokes: freestyle, butterfly, breaststroke, and 

backstroke (refer Figure 1, left to right). Each stroke has its own unique approach, 

using the arms, legs, and torso differently [18]. 
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Figure 1: Swimming strokes [Christophe Keller, 2021] 

 

Swimming measurements encompass a range of parameters crucial for evaluating 

and enhancing performance.  

Stroke rate or cycle rate signifies the number of strokes executed per minute, 

indicating a swimmer's efficiency and pacing [1].  

Speed head denotes the velocity of a swimmer's head through the water, providing 

insights into overall speed.  

Depth hip refers to the depth at which a swimmer's hips are positioned in the 

water, influencing stroke effectiveness.  

Depth head refers to the depth at which a swimmer's head is positioned in the 

water while swimming. Similar to depth hip it plays a crucial role in stroke 

effectiveness and overall swimming technique. 

Distance per cycle measures the distance covered with each stroke cycle.  

Block start time records the duration from the starting signal to a swimmer's 

departure from the starting block.  

Turn refers to the action of changing direction at the end of a lap or length in a pool.  

Lap in swimming is defined as the distance from one end of the pool to the other 

end of the pool.  

Race time represents the total duration taken to complete a race, serving as the 

ultimate measure of a swimmer's performance and competitiveness. 

2.2 Research background  

In recent years, there has been a growing interest in studying swimming data to gain insights 

into athlete performance and race dynamics. Researchers have been leveraging 

advancements in technology, such as high-speed cameras and wearable sensors, to collect 

comprehensive datasets from swimming competitions. These datasets provide valuable 

information about swimmers' stroke techniques, pacing strategies, and physiological 

responses during races. By analysing this wealth of data, researchers aim to uncover patterns 

and trends that can inform training methodologies, optimize race strategies, and enhance 

overall performance. In the following sections, we will delve into a selection of studies and 

research projects that have contributed to our understanding of swimming performance, race 

dynamics and algorithm selection. 
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Smyth, Barry (2018), in their study has considered the beginning and the end of the 

marathon as two unique stages of the race that are revealing about a runner’s performance 

[2]. They presented an analysis of 1.7 million recreational runners. Their results showed that 

pacing at the start of the race influences overall performance, while pacing at the end of the 

race reveals how well a runner has paced their effort up to that point. They also detailed how 

starting or finishing too quickly can result in poorer finish-times, because fast starts tend to 

be very fast, leading to endurance problems later, while fast finishes suggest overly cautious 

pacing earlier in the race. The paper focussed on running race analysis as different stages. It 

shows the difference in focus the runners should have in the start of the race and end of the 

race comparing different features. 

Secondly, Mürsel Ozan İncetaş et al. (2022), in their study determined the most successful 

machine learning algorithm in the prediction of the long jump distance of male athletes [3]. 

In that paper, they used age and velocity variables for predicting the long jump performance 

of athletes. During the research, 328 valid jumps belonging to 73 Turkish male athletes were 

used as data. For determining the most successful algorithm, mean absolute error (MAE), 

root mean square error (RMSE), Mean Squared Error (MSE), R2 score, Explained Variance 

Score (EVS), and Mean Squared Logarithmic Error (MSLE) values were taken into 

consideration. It was concluded that the machine learning approach can be used by trainers 

to determine the long jump performance.  

The first paper inspired in finding a better approach to swimming race analysis. The method 

they used in running race was improvised and used in this project for swimming data. The 

second paper provided the suggestions related to models that can adopt for performance 

analysis. 

3 Method 

This chapter provides a comprehensive examination of the strategies employed for data 

collection, the intricate methodology utilized for both training and evaluating models, and, of 

utmost significance, thorough justifications behind each decisions and choices. 

3.1 Data Collection 

The raw data received from AIMS systems was loaded and the columns favourable to 

consider into segmented analysis was identified [1]. The raw race data related to 100m races 

were used. The columns selected were conditioned based on the type of data it holds. The 

average value concept was the priority. We selected columns such as cycle rate, distance per 

cycle for averaging as they exhibit relatively consistent values throughout the race, making 

them suitable for statistical analysis. In contrast, columns like distance head, distance hip, 

which vary significantly from 0 to 100, are not ideal candidates for averaging due to their 

non-uniform progression over the course of the race. The different race data were brought 

together and the columns were finalized. The finalization of the columns was also verified 

with the AIMS system swimming race analysis priorities to confirm the choices. Depth head, 

speed head, depth hip, cycle rate at stroke starts, distance-per-cycle at stroke starts were the 

columns identified to do the analysis. Target time was the target column against which the 

analysis was done.  
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3.2 Segmentation 

Breaking down a race is the optimal approach for tackling complex and lengthy events, 

particularly in endurance races. The segmentation process aims to transform the race 

concept into a progression of sequentially focusing on and attaining short-term goals that 

serve as stepping stones towards accomplishing the final race objectives [2]. The 

segmentation of the races was an important step in this project. The segmentation was done 

in such a way that it should give a meaningful analysis result that will help coaches and 

swimmers. Hence a new concept of segmentation was introduced. In contrast to previous 

studies that emphasized time-based or distance-based segmentation, we introduce a novel 

approach focusing on segmenting races based on the dynamic variations in swimming 

performance throughout the event [23].  

The segmentation approach was validated with AIMS. 

3.3 Algorithm Selection 

The problem-solving approach involved utilizing visualization technology in conjunction with 

machine learning algorithms. Visualization facilitated collaborative data analysis, while 

machine learning algorithms provided a systematic, step-by-step representation of solutions 

to the problem at hand, enhancing clarity and comprehension. The project seeks to assist 

swimmers and coaches by providing enhanced insights into the significance of various 

features within race segments, employing these techniques. 

3.3.1 Machine Learning Algorithms 

Accurately predicting performance in different sports is essential for understanding training 

characteristics and improving physical education and training procedures. With precise 

predictions, coaches can make informed decisions about their athletes' readiness, giving clear 

directions for future training and establishing achievable competition goals. Breaking down a 

race into smaller parts allows for detailed performance analysis, providing a comprehensive 

evaluation of a swimmer's true readiness. 

Research has been conducted to improve sports performance and training through reliable 

prediction models. Machine learning aids in selecting crucial features, allowing coaches and 

analysts to focus on areas for improvement. By analysing complex data, machine learning 

algorithms are revolutionizing swimming performance optimization and training methods. 

This study proposes using different machine learning algorithms like Lasso regression, 

Random Forest regression, XGBoost regression, and Ridge regression to create a strong model 

for swimmers. It also aims to identify factors contributing to overall race performance. 

Regression algorithms are chosen for their ability to model the relationship between 

independent variables (e.g., cycle rate, depth head, depth hip) and swimming performance 

metrics (race time), and for their widespread usage. The size of the data set was also taken into 

consideration. 

The Lasso algorithm was chosen for swimmers' performance analysis and feature selection due 

to its ability to effectively handle high-dimensional data and perform feature selection by 

shrinking the coefficients of less important features to zero. Even with a small number of 

predictors, Lasso can help in feature selection by shrinking coefficients towards zero, thereby 

potentially improving model interpretability and generalization. Additionally, Lasso's ability 
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to perform regularization can help mitigate over fitting, which can be beneficial regardless of 

the dimensionality of the data. This feature selection capability is particularly valuable for 

optimizing training strategies and focusing on key performance drivers. 

Random Forest is the next regression algorithm chosen. This algorithm was chosen because of 

its feature selection property. Constructing multiple decision trees within a Random Forest 

enables the selection of the most significant features from a dataset, thereby enhancing 

accuracy by measuring each feature's contribution to the model's performance. Another 

advantage of Random Forests is it reduces the risk of overfitting since they create multiple 

independent decision trees that are unlikely to all make the same mistake. 

XGBoost algorithm was chosen to be implemented because of its computational efficiency, 

feature importance analysis, and handling of missing values. It utilizes decision trees as base 

learners and employs regularization techniques to enhance model generalization. 

Ridge Regression, or L2 regularization, extends linear regression to tackle multicollinearity. 

By adding a regularization term to the regression equation, it prevents overfitting and stabilizes 

coefficient estimates. This method penalizes coefficient sizes, shrinking less important feature 

coefficients towards zero while maintaining larger coefficients for important features. 

3.3.2 Visualization 

The exploration of data was conducted through the utilization of visualization techniques. 

Visualization methods seek to depict intricate and extensive datasets through pictorial and 

graphical representations, aiding comprehension and offering insights into the underlying 

structures within the data. Here in this project visualization paves the way for understanding 

the importance of feature through different plots.  

The motivation for choosing visualization was due to the understanding of importance of visual 

analysis in swimming from the AIMS representative [1]. This paved the way of reviewing 

researches related to visualization analysis on swimming data [27]. 

We explored various tools for this project, including Spotfire, Tableau, and PowerBI. 

Ultimately, we utilized Spotfire for our data visualization needs. It creates a really good user 

friendly and efficient tool in plotting the data. It provides a wide range of visualization options 

and features, allowing users to explore data from different angles and perspectives. Spotfire 

enables the creation of customizable dashboards, charts, graphs, and maps, which can be easily 

manipulated and adjusted to uncover insights and patterns within the data. The suggestion 

from the tool also helped to create the better visualizations possible.  

Multivariate techniques were found to be most appropriate since multiple features were 

available for analysis [24]. Out of the various techniques implemented such as parallel 

coordinate plots , Scatter plot and Heat map, Parallel coordinate plot was found to be suitable 

in analysing different races. In scatter plot, it was difficult to identify the behaviour of a single 

race along the whole race. Heatmap showed the correlation of features against the total race 

but it did not provide insights into the patterns displaced by races in each segment (Refer 

Appendix A). 

Parallel Coordinate Plot 

Parallel coordinate plot is a multivariate plot that is used to compare data values of different 

types or magnitudes [24]. All values are presented as points on a line, or profile, with one point 



 

11 
 

per data column. Items that are similar to each other often show a similar profile. It displays 

multidimensional data as polylines over multiple parallel and evenly spaced axes. Here there 

were five columns such as depth head, speed head, depth hip, cycle rate at stroke starts, 

distance-per-cycle at stroke starts and 6 segments namely T1, T2, T3, T4, T5 and T6 for 

analysis. Hence it was found to be good technique to visualize. Other techniques like heat map, 

scatter plot was tried with this data but they did not seem to bring proper understandable 

results in the output. Moreover a coach or swimmer can analyse a new race with the existing 

races that plotted in parallel coordinate by separating the appearance with different colour and 

it will help understand them to identify the features and sections they have to improve. 

4 Implementation 

4.1 Dataset  

For the case study, we have used 223 CSV files provided by AIM system. The file contains about 

20 attributes (columns) each corresponding to a single race. The selected features include data 

spanning the entire race, from start to finish, in terms of both time and distance. Attributes 

distance per cycle, cycle rate, depth head, speed head and depth hip were chosen for the 

analysis. The “Total Time” is the target variable and others are independent variables. 

Attribute Name Data Type 

Depth Head or Head Depth Float64 

Speed Head or Head Speed Float64 

Depth Hip or Hip Depth Float64 

Stroke start timestamps Float64 

Cycle rate at stroke starts Float64 

Distance-per-cycle at stroke starts Float64 

Total Time or Target Time Float64 

            Table 1: Columns in the dataset (Refer to section 2.1.6) 

 

4.2 Data Preparation  

Data was shared by AIMS systems [1]. The data preparation started by loading the available 

race related CSV files. The 100m race was filtered and used from the loaded data. The 

columns that were completely null or partially null were removed from the analysis as they 

will not bring enough quality. Also, the outlier data was removed and the cleaned data was 

used for further processing. As the focus of the project was the analysis across the segments, 

the columns of interest were selected accordingly. The attributes selected were distance per 

cycle, cycle rate, depth head, speed head and depth hip. These features were brought to 

averaging as they exhibited more meaningful analysis. The existing data analysis in AIMS 
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systems also highlights average of the features. 

4.3 Technologies and Libraries 

To develop the code, we have used Colab Notebook and Python programming language. The 

libraries used to work with the data: 

a. Pandas – was used to create and work with the dataframes. 

b. Scikit-learn – is a powerful tool for implementing ML algorithms in Python and offers a 

great range of functionalities. In our implementation, we used this library to train the 

models. 

These libraries have simplified the implementation of logic and management of various 

requirements. 

4.4 Segmentation 

The primary emphasis of this project lies in the segmentation of swimming races. Identifying 

a novel and highly effective method for dividing the entire race into segments posed a 

significant challenge. The innovative approach to segmentation aimed to provide enhanced 

benefits for both coaches and swimmers. Additionally, the segmentation method sought to 

understand the identification of race behaviour from start to finish. After analysing the data 

and available features, the chosen approach involved unevenly splitting the total race 

duration based on the swimmer's performance. Rather than focusing solely on comparing 

against the best race, the objective was to distinguish between races with the shortest 

duration and those with longer durations. 

 

  Figure 2: Segment Division 

 

Figure shows the segmentation of the 100m race from start to end. 

T1: The first segment which includes the race start until the swimmer starts the first stroke. 
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T2: The segment which includes a 5 m distance from the first stroke start position. 

T3: The segment that included clean swimming in first lap. This extends from the ending 

point of T2 until 40m distance. 

T4: The segment with the turn part of the swimming that switches from first lap to second 

lap. This extends from 40m to 60 m of the race. 

T5: The segment with clean swimming in the second lap. It stretches till 85m. 

T6: The final segment that include the race end. It captures the last 15m. 

The race begins with the "start" section, where swimmers dive into the water from the 

starting blocks or perform a dive start from the poolside. This section is critical for gaining 

momentum and establishing an early lead. The segment T1 was separated as the beginning of 

the race and involved no strokes. That segment showed no values for cycle rate as well as 

distance per cycle.  

This section immediately after the swimmer starts the strokes goes to T2. It is 5m long. T2 

will possess the maximum power from the swimmer as it involves the very first stroke. Hence 

the shortest 5m length was chosen for that section as that distance can capture the best 

performance. Most of the races showed a drop in cycle rate after 5m. This division was 

appreciated by the company coach from AIMS.  

Following the start, swimmers enter the "clean swimming" section, where they focus on 

maintaining proper technique and stroke mechanics. During this phase, swimmers strive to 

swim efficiently and maximize their speed while conserving energy for the upcoming turn. 

The distance until 40m is referred as T3.  

Upon reaching the designated distance (e.g., 50m in a 100m race), swimmers approach the 

turn section. At this point, swimmers execute a flip turn or an open turn to change direction 

and begin swimming back towards the finish. The turn is a pivotal moment in the race, where 

swimmers aim to execute a quick and efficient turn to minimize time lost and gain an 

advantage over competitors. This turn section spreading from 40m to 60m in the total 

cumulative distance of the race is calculated as T4.  

Clean swimming in the second lap is considered as T5. It stretches until 85m of the race. 

Swimmers focus on maintaining strong technique, rhythm, and speed as they propel 

themselves towards the finish line. This section requires mental focus and physical 

endurance to maintain momentum and finish the race strongly. 

The race concludes with the "end" section, where swimmers approach the finish line and 

complete the race. In this final stretch, swimmers may increase their stroke rate and effort to 

maximize their speed and out-touch competitors at the finish. The end section often involves 

a final burst of energy and determination as swimmers strive to achieve their best possible 

time. Hence the last 15m are considered as T6. 

4.5 Visualization 

As a part of the visualization several plots were developed using the pre-processed data. The 

Spotfire tools suggestions were analysed [24]. Also other techniques were explored. The best 

method that revealed the features and their importance in each of the segments were visible 

in the technique parallel coordinate plot. It helps in visualizing a multivariate data in two 

dimensional plots. In a parallel coordinate plot, each variable is represented by a vertical 
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axis, and each data point is represented by a polyline that connects the values of the variables 

along their respective axes. This allows for the visualization of relationships and patterns 

between multiple variables simultaneously. Each variable value will be representation from 0 

to 100 % which gives a clear picture of all the variables at a time. The variables of interest 

here that included average values of distance per cycle, cycle rate, depth head, speed head 

and depth hip showed a clear visualization through parallel coordinate plot with segments as 

trellis in plot. 

As per the Nielsen heuristics, which are a set of guidelines for evaluating the usability of user 

interfaces, aesthetic and minimalistic approach was chosen [26]. The average of the 

attributes were added in x axis. Each race was represented by a line. The colour of the line 

depicted the range of target time the race possesses. The race with shorted target time that 

assumes to be a better race were highlighted as blue and the races that took longer time were 

showed in red. This helped to clearly identify the differences between the two modes of races. 

The trellis, in which the panels are laid out into different rows, helped to showcase the whole 

race in a single image, highlighting the similarities and differences between different 

segments in data. 

4.6 Machine Learning Algorithm 

We have considered regression algorithms to conduct feature selection for each segment of the 

swimming race, as well as for the race as a whole. Using the selected regression algorithms, 

feature significance was determined. Different regression models have their own ways of 

assessing feature importance. To ensure a comprehensive analysis, we considered all the 

models and their respective assessments of feature importance. However, to streamline our 

investigation and facilitate a thorough comparison, we ultimately opted to focus on a single 

regression model for our case study. The accuracy of the model's performance was done using 

a variety of evaluation metrics, including R squared, Cross Validated R squared, Mean Absolute 

Error (MAE), and Root Mean Squared Error (RMSE). Assessing the model's performance 

using these metrics provided us with a clear understanding of its effectiveness in predicting 

swimming race outcomes based on selected features and significance of these features at each 

segments of the race.  

We have fine-tuned each regression algorithm through hyperparameter tuning and validated 

them using cross-validation. Hyperparameter tuning is a critical step where we optimize the 

parameters of a model to achieve its best performance [21]. For this purpose, we utilized 

GridSearchCV, a technique that systematically searches through a predefined grid of hyper 

parameters to find the optimal ones for each regression model selected. Cross-validation, on 

the other hand, plays a pivotal role in estimating how well our models will perform on unseen 

data and helps prevent overfitting. Cross-validation involves dividing the data into a fixed 

number of folds (or partitions), running the analysis on each fold, and then averaging the 

overall error estimate [22]. 

Feature importance in Lasso regression can be assessed by examining which features have 

non-zero coefficients after fitting the model. Features with non-zero coefficients are considered 

important.  

The Random Forest model's feature_importances_ attribute is utilized to determine the 

importance scores of each feature, indicating their relative contribution to the model's 

predictions. Features with higher importance scores are considered more influential.  
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In XGBoost, feature importance scores show how valuable each feature was in building the 

boosted decision trees. Features making critical decisions receive higher importance scores. 

The feature importance scores can be accessed using the built-in feature importance attributes 

(feature_importances_) of the model.   

Ridge Regression models use regularization to prevent overfitting. Regularization methods like 

L1 and L2 penalties shrink less relevant features' coefficients towards zero. The coefficients of 

Ridge Regression models identify important features, with larger coefficients indicating 

significance. 

The accuracy/loss for each combination of hyperparameters was calculated and selected the 

one with the best performance for each model. The grid of hyperparameter range values and 

chosen values for different models are listed in Table 2. 

 

Model Parameters Best Parameter 

Lasso 

Regression 

'alpha':[0.0,0.1,0.01,0.001,    

0.2,0.02,0.002,0.3,0.03,0.003,0.4,0.04, 

0.004] 

alpha=0.01 

Random Forest 

Regression 

 { 'n_estimators': [100, 200, 300],   

    'max_depth': [None, 10, 20], 

    'min_samples_split': [2, 5, 10], 

    'min_samples_leaf': [1, 2, 4], 

    'max_features': [2, 3]} 

{'max_depth':None,      

'max_features':3,      

'min_samples_leaf':4,  

'min_samples_split':10, 

'n_estimators': 200} 

 

XGBoost 

Regression 

{  'n_estimators': [100, 200, 300],  

    'max_depth': [3, 4, 5,6,7], 

    'learning_rate': [0.01, 0.1, 0.3], 

    'min_child_weight': [1, 3, 5]} 

{'learning_rate': 0.01, 

'max_depth': 3, 

'min_child_weight': 5, 

'n_estimators': 100} 

Ridge 

Regression 

{'alpha': [0.1, 0.5, 1.0, 5.0, 10.0],               'solver': 

['auto', 'svd', 'cholesky', 'lsqr', 'saga'] } 

{'alpha': 1.0, 'solver': 'svd'} 

 

                                Table 2: Models and hyper parameters 
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5 Results 

The methods that found as suitable for the dataset and the subject was implemented efficiently 

and the results were captured. The results include visualization plot and machine learning 

algorithm results. 

 

5.1 Model and Evaluation Metrics Results 

The predictive modelling was performed across all the segments and total race. The model's 

performance was evaluated using the selected evaluation metrics. The R2 score served as the 

primary criterion for identifying the best-performing model, with higher scores indicating 

superior fit to the data. Detailed evaluation metric results for each segment are presented in 

the accompanying tables.  

 

Segments R2 Score RMSE MSE MAE 

T1 0.63 6.04 36.58 4.71 

T2 0.92 2.64 7.01 2.14 

T3 0.96 1.84 3.42 1.41 

T4 0.97 1.48 2.20 1.20 

T5 0.97 1.71 2.92 1.31 

T6 0.93 2.49 6.20 1.91 

                 

                Table 3: Lasso Model evaluation scores 

 

 

 

 

 

 

 

 

 

 

Table 4: Random Forest Regression Model evaluation scores 

 

 

Segments R2 Score RMSE MSE MAE 

T1 0.74 8.71 76.00 4.83 

T2 0.73 8.90 79.36 3.33 

T3 0.89 5.60 31.37 2.18 

T4 0.92 4.55 20.75 1.70 

T5 0.92 4.44 19.77 1.59 

T6 0.78 7.60 57.81 2.79 
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Segments R2 Score RMSE MSE MAE 

T1 0.59 7.05 49.84 6.77 

T2 0.57 5.33 28.41 5.10 

T3 0.82 4.63 21.44 4.12 

T4 0.78 5.19 26.95 4.64 

T5 0.77 5.25 27.60 4.36 

T6 0.81 4.74 22.53 4.30 

       Table 5: XGBRegressor Model evaluation scores 

 

Segments R2 Score RMSE MSE MAE 

T1 0.61 6.93 48.11 5.81 

T2 0.40 6.29 39.67 4.67 

T3 0.84 3.93 15.47 3.15 

T4 0.62 6.12 37.49 4.30 

T5 0.88 3.31 11.01 2.77 

T6 0.53 6.77 45.91 5.42 

     Table 6: Ridge Regression Model evaluation scores 

 

Among the four models examined, the Lasso Regression model consistently demonstrated 

robust accuracy across various segments. Hence, lasso regression proved to be the best model 

for assessing swimmers' performance across race segments, even with a small feature set. 

Lasso regression shows high accuracy for the segments T2 (0.92%), T3 (0.96%), T4 (0.97%) 

and T5 (0.97%) compared to other regression models. Its consistent performance led to its 

selection for evaluating feature importance across segments and the entire race. Lasso's 

regularization technique aids in feature selection and addresses multicollinearity, making it 

ideal for our analysis. 

5.2 Feature Importance in different segments  

Analysing feature importance in swimming races involves identifying the key factors that 

significantly influence swimmers' performance across different race segments. By examining 

the relative importance of these features, coaches, athletes, and analysts can gain valuable 

insights into the determinants of success in swimming races and tailor training programs 

accordingly. Lasso Regression model has been selected for the feature analysis study across 

different race segments. The feature order across different segments was as given in Table 7 

and Table 8.  
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T1 T2 T3 

   

 Table 7: Feature Importance of segments T1 to T3 

 

T4 T5 T6 

   

 Table 8: Feature Importance of segments T4 to T6 

 

In the analysis, we observed significant patterns across different segments of the race. In the 

start segment, Speed head and Depth hip shows a negative correlations with the race time. 

Speed head emerged as the most influential factor, indicating its crucial role in the initial 

phase of the race. Additionally, Depth hip exhibited a notable relationship with the target 

variable. Transitioning to segment T2, we found that distance per cycle demonstrated the 

highest correlation, followed closely by cycle rate. This segment corresponds to the period 

immediately after the jump into the pool, where swimmers initiate their strokes. In T3, both 

the average distance per cycle and cycle rate maintained similar levels of importance, while 

the significance of speed head increased. As the race progressed into T4, we noted a rise in 

the importance of cycle rate, particularly evident in the stroke execution after the second lap 

start. Furthermore, the importance of depth hip and depth head increased in this segment 

due to the swimmers navigating a turn through the pool. T5 and T6 displayed a relatively 

consistent trend, with no significant deviations.  

In the study, we could observe that the importance of the Speed head was consistent across 

all the segments and its contribution to the finishing time is highly correlated.  

5.3 Feature Importance for whole race  

Furthermore, while segment-wise analysis provides valuable insights into specific phases of 

the race, it's also essential to consider the overall performance across the entire race. 

Analysing the significance of features in relation to both the whole race and individual 

segments can uncover comprehensive insights. For the whole race analysis also we have 

taken Lasso Regression model for feature importance listing. The feature importance details 

with respect to whole race are listed in Table 9. 
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Lasso Regression (Whole Race) 

 

   Table 9: Feature Importance for whole race 

 

The analysis of feature importance across the entire race revealed notable findings. Speed 

head emerged as the most influential factor, exhibiting a high level of correlation with the 

target variable. Following closely behind, depth head also demonstrated significant relevance 

to overall race performance. Interestingly, cycle rate appeared as a prominent feature only 

after these two variables in the whole race analysis, underscoring its importance in 

contributing to overall race outcomes. 

Comparing feature analysis results between segment-wise and whole race-wise approaches 

yields valuable insights into the performance analysis of swimmers. While segment-wise 

analysis provides detailed insights into specific phases of the race, whole race-wise analysis 

offers a broader perspective on overall performance trends. By comparing these two 

approaches, we gain a comprehensive understanding of how individual segments contribute 

to the overall race outcome and how they interact with one another. This comparison allows 

for the identification of consistent patterns across segments as well as variations in feature 

importance between different phases of the race. Such insights are invaluable for refining 

race strategies, optimizing training regimens, and maximizing performance across all stages 

of the race. 

5.4 Visualization Results 

The parallel coordinate plot produced a detail view of the segments and attributes that fulfil a 

race. The T1 segment, which is the initial segment that is before the first stroke, shows a clumsy 

pattern that depicts there is no much difference in race pattern followed by any of the races 

wither fast or slow. Whereas T2 to T6 shows a clear trend difference between different category 

of swimmers. In all the rest of the segments speed head of fast races are greater than the other 

group. The depth head show a similar trend among all races while depth hip of slow swimmers 

reduce from first segment to final segment. The panel of T6 shows that fast races show a high 

value of depth hip compared to slow races. The depth head from fast races show a similar 

pattern throughout the race while slow races are having scattered patterns. Distance per cycle 

is always higher for fast races where low for the others. Even though some races had good 

distance per cycle value in the initial segments later their value showed a huge drop.  Cycle rate 

expects a medium value throughout the segments. In all the segments there are points at which 

the cycle rate has a high value for slow races compared to fast races. But that does not bring 

any favourable results which is visible in the diagram. 
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Figure 3: The plot of average of features of swimming races across race segments. Red line indicates 

races that were slow and blue line indicates fast races. 

 

 

Figure 4: The plot of average of features of swimming races considering race as a whole. Red line 

indicates races that were slow and blue line indicates fast races. 

 

In total race the highest score by fast swimmers were visible for distance per cycle and depth 

hip. Cycle rate shows a medium value range for the fast racers in the total race. Speed head 

shows a highly distributed value for slow races while for fast races the speed head shows an 

average value not too high not too low. Whereas depth hip shows a scattered distribution for 

fast races as well as slow races. Depth head has a large for slow races while fast races had 

mostly medium range of values. 

 

When compared to visualization of the entire race, segment-wise analysis offers a more 

detailed view of each attribute. It is evident that race analysis conducted over segments 

surpasses the analysis of the entire race in terms of clarity and comprehensiveness. 
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6 Discussion 

6.1 Theoretical framework (or Previous Research) 

The idea of this project was the inspiration from the previous researches. The similar concept 

in other sports like running race paved the way to think about implementing similar thought 

in the swimming race data [2]. 

There have been several studies conducted on swimming race data and most of them focused 

on the analysis of the total race and related predictions. Some researches were related to split 

race analysis that considered fixed distance and fixed time intervals [27]. This project’s primary 

aim was to identify an approach to analyse the swimming races using the combined concept of 

race behaviour and individual capabilities.  

Smyth, Barry (2018), in their study has considered the running race and focussed on the start 

and end stages [2].  The start segment was the segment from 0-5 km and the final segment was 

the 2.195 km segment from 40 km to the finish. They considered different classes of races 

according to finish time. In our study we focussed on swimming race data and split the whole 

race into segments considering fixed distance and individual race behaviour. The first segment 

was from the beginning of the race until the stroke starts and last segment was last 15 metres 

where the final race behaviour capturing was more visible from the source data analysis. The 

previous study checked whether runner starts or finishes their race at a pace that is faster or 

slower than their mean race pace (MRP), measured in minutes per kilometre and further 

analysis was done. Whereas in our work we utilized visualization techniques and machine 

learning algorithms to analyse the segments.   

Mürsel Ozan İncetaş et al. (2022), in their study, identified the most effective machine learning 

algorithm for predicting the long jump distances of male athletes. They conducted the research 

using five popular machine learning techniques identified during their analysis. However, 

considering the small size of our dataset, we explored various models suitable for limited data. 

Therefore, we selected Lasso regression, Ridge regression, Random Forest regression, and 

XGBoost regression methods. The evaluation metrics used for identifying the best performing 

model were similar to those used in the other research paper, namely r2 score, MAE, MSE, and 

RMSE. 

6.2 Methods, implementation and results 

Our research started with the data received from the company and related discussions with 

AIMS representative [1]. The primary motive was to understand the swimming race behaviour 

and identify the possible approaches to improve the swimming performance analysis that can 

help swimmers and coaches. We reviewed several research papers related to swimming and 

other sports [2]. Then we decided to work on identifying an approach that combines the aspects 

of race behaviour as well as swimmer's capabilities for race analysis. Also we aimed to perform 

visualizations on race data and machine learning based evaluations.  

The development of dataset from the raw data files was an important part. The data merging 

from the csv files was done after identifying required features of importance. The identification 

of features was based on the data spanning the entire race, from start to finish, in terms of both 

time and distance. The data pre-processing mainly included handling null values and finding 

outliers and their removal. 
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The averaging of the features was done to represent each segment in each race. This was the 

inspiration from previous research papers [23]. 

The limited dataset was a huge challenge. This study could have been improved by using a 

larger dataset. 100m race data from the dataset was filtered and used. Hence the segmentation 

idea was developed in accordance with two laps each 50m which included a turn. The data was 

analysed thoroughly to understand the points of segmentation. The initial stroke in the races 

was the focus for first segment. The force of the swimmer from the jump was the motivation 

for second. Clean swimming or swimming with average speed of the total race was taken for 

two different segments one in each lap. The turn period and the final stage of the swimming 

was the rest of the segments of interest. This conceptual method can be implemented in other 

distance races like 50m,200m and in other sports also. Each of the race type differs in their 

behaviour which will require the segmentation approach to be modified accordingly.  

The background for implementation of visualization techniques was the discussion with the 

domain expert. In this study, the performance analysis of fast races and slow races were done 

for the segmented races. We also captured the total race level visualizations. The difficulty 

during the implementation of visualization was with the identification of suitable visualization 

techniques that can be adopted. Being a multivariate data, the possibility of using different 

techniques was limited. Even though plots like heatmap and scatter plot did not provide 

meaningful visualizations, parallel coordinate plot was very insightful. The segmentation can 

bring enormous perceptions about races. The approach we adopted for segmentation was 

really good and promises to provide coaches and swimmers with even greater insights. The 

feedback from the company coach also confirmed the same. 

In addition to visualizations, we conducted performance analysis for the race using machine 

learning algorithms. After reviewing previous studies in this area and considering the data 

provided by the company, we focused on machine learning models suitable for small datasets 

and capable of determining feature importance. We selected regression models, namely 

Lasso Regression, Ridge Regression, Random Forest Regression, and XGBoost Regression. 

We evaluated the models using various metrics such as R2 score, RMSE, MSE, and MAE. 

Initially, we validated the performance of the models across different segments. Lasso 

regression exhibited consistent performance across various segments. Hence, we chose the 

lasso regression model to evaluate feature importance across segments and the entire race. 

During the analysis, we observed significant patterns across different segments of the race. 

The importance of the Speed head remained consistent across all segments, showing a high 

correlation with the finishing time. Segment-wise analysis provided detailed insights into 

specific phases of the race, while whole race-wise analysis offered a broader perspective on 

overall performance trends. 

6.3 Ethical and societal aspects  

This study emphasizes the paramount importance of adhering to ethical guidelines and 

acknowledging broader societal implications concerning ethical and societal matters. To 

maintain a responsible and transparent approach throughout the research process, it is 

essential to confront the ethical considerations related to data collection, utilization, and the 

potential social impacts as data-driven research progresses. To safeguard the confidentiality of 

the collected data, a formal agreement was arranged with a domain expert in swimming who 

is a part of the AIMS system company. This agreement specified the protocols and measures 

to be followed throughout our research to protect the privacy of the participants and their 
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performance data. As per that we did not collect any personal details of the swimmers.  

We made sure that the data we used for the project did not include any individualized or 

confidential information. We also made sure that the data was purely related to the race 

attributes.  

We also ensured that no manual intervention was conducted on the data, and no adjustments 

or falsifications were made to manipulate the results.  
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7 Conclusion  

Upon completion of the entire research endeavour, we accomplished the objectives outlined in 

the thesis. The developed segmentation approach yielded promising results, significantly 

enhancing the efficacy of race analysis. The segmentation methodology and its outcomes were 

assessed by representatives from AIMS company, who expressed appreciation for the findings. 

The primary objective of the project was to identify a segmentation approach that integrates 

race conditions and individual capabilities, a goal which was successfully achieved. 

The secondary objective was to identify a visualization technique for analysing race segments. 

The parallel coordinate plot facilitated enhanced analysis of fast and slow races through its 

multivariate representation. 

Lastly, the research aimed to explore machine learning algorithms to identify models that excel 

in analysing segmented races and determining feature importance. The lasso algorithm 

demonstrated strong performance with the available dataset, providing insightful feature 

analysis. 

Along with these, the whole race was also evaluated using visualization technique as well as 

machine learning models.  

In conclusion, the thesis has effectively answered all research questions and introduced a novel 

and valuable approach to race analysis through segmentation based on race behaviour. 

 

 

7.1 Future work  

The project implementation and the results related to this can be considered for some 

improvisations in the future.  

The segmentation we did has captured the whole race and divided according to the individual 

race scenario as well as considering fixed distance division. There were some suggestions from 

the company coach in adding more segments especially the segment of 5m immediately after 

lap change from first lap to second. Hence there are some future work possibilities in 

identifying different segmentation and related analysis.  

The project used 100m race data. This concept could be used to implement in other races like 

50m race, 200m race or with different styles. This can be even considered to be used in other 

sports activities like running race, sailing etc.  

Approaching an improved dataset could potentially offer enhanced insights for both swimmers 

and coaches. The dataset we obtained was relatively small, resulting in constraints when 

employing diverse machine learning models. However, future prospects include the potential 

to engage with larger datasets, allowing for improved results through the utilization of 

advanced models.  
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Appendices  

Appendix A 

 

Visualization techniques that were attempted 

1. Heatmap 

 

Figure 5 : The heatmap showing features such as distance per cycle , cycle rate and hip depth 

against target time across 6 segments. The colour red indicates maximum correlation , light 

blue indicates medium and dark blue indicates least correlation between features and target 

time which is total race time. 

 

 

Figure 6 : The heatmap showing features such as head depth and head speed against target 

time across 6 segments. The colour red indicates maximum correlation , light blue indicates 

medium and dark blue indicates least correlation between features and target time which is 

total race time. 
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2. Scatter plot 

 

 

Figure 7 : The scatter plot showing features such as distance per cycle and cycle rate across 6 

segments. The colour red indicates slow races and red indicates fast races. The segments are 

represented as different shapes and their size is in accordance with the column value. 

 

 

 

Figure 8 : The scatter plot showing features such as head depth and head speed across 6 

segments. The colour red indicates slow races and red indicates fast races. The segments are 

represented as different shapes and their size is in accordance with the column value. 
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Figure 9 : The scatter plot showing hip depth across 6 segments. The colour red indicates slow 

races and red indicates fast races. The segments are represented as different shapes and their 

size is in accordance with the column value. 

 

Appendix B 

Contributions of individual members 

1. Data collection and data pre-processing: This task was completed by both Anjusha and 

Maria. The collected data was combined and adjusted to make it suitable for the project. 

2. Segmentation: This was contributed by Anjusha and Maria. 

3. Visualization: This work was done by Anjusha. 

4.  Machine Learning Algorithms and Evaluation: This task was carried out by Maria. 

5. Thesis writing 

• Section 1.1.1 handled by Maria and Anjusha. 

• Section 1.2, RQ 1 handled by Maria and Anjusha, RQ 2 handled by Anjusha and RQ3 

by Maria.  

• Section 2.1.1, 2.1.2, 2.1.3, 2.1.6 handled by Maria. 

• Section 2, 2.1.4, 2.1.5 handled by Anjusha. 

• Section 2.2 handled by Anjusha and Maria. 

• Section 3.1 handled by Anjusha and Maria. 

• Section 3.2, 3.3.2 handled by Anjusha. 

• Section 3.3.1 handled by Maria. 

• Section 4.1, 4.2, 4.6 handled by Maria. 

• Section 4.3, 4.4, 4.5 handled by Anjusha. 

• Section 5.1, 5.2, 5.3 handled by Maria. 

• Section 5.4 handled by Anjusha 

• Section 6,7, References, Appendices and Abstract handled by Anjusha and Maria 

 




