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Abstract: Sports Information Systems (SIS) have become essential tools in modern sports, enabling 

teams, coaches, analysts, and fans to access and interpret vast amounts of data in real time. These systems 

are designed to collect, process, and analyze data from various sources, such as player performance 

metrics, game statistics, and environmental factors. By leveraging advanced technologies such as big data 

analytics, machine learning, and cloud computing, SIS can provide insights into game strategies, player 

health, and performance trends. For example, they can track a player's movements, assess their fitness 

levels, and predict potential injuries, helping coaches make informed decisions. Additionally, these 

systems can process historical data to identify patterns and offer predictive analytics, such as forecasting 

the likelihood of winning a game based on previous matchups and player conditions. In professional 

sports, SIS plays a crucial role in enhancing tactical strategies, improving player conditioning, and 

engaging fans by offering real-time updates and interactive features.  Sports information systems have 

traditionally been used for data collection and basic reporting. This study introduces the SportFlow 

Analytics Engine (SFAE), a cutting-edge system designed to process and visualize real-time sports data. 

SFAE uses big data techniques and machine learning to predict game outcomes, player performance, and 

injury risks by analyzing historical and live event data. This real-time feedback allows coaches, analysts, 

and fans to make informed decisions quickly, enhancing team strategies and overall performance. The 

system is capable of integrating with various sports disciplines, offering universal applications in 

competitive environments.In a simulation study evaluating the SportFlow Analytics Engine (SFAE), 300 

athletes across various sports disciplines, including basketball, soccer, and tennis, were monitored 

throughout an entire season using the system's real-time data processing and machine learning capabilities. 

The results demonstrated significant improvements in multiple areas. The system achieved an 88% 

accuracy rate in predicting game outcomes, a substantial increase compared to the 72% accuracy from 

traditional methods. Player performance also showed a marked enhancement, with teams using SFAE 

experiencing a 15% improvement in key performance metrics such as scoring efficiency, goal conversion 

rate, and serve accuracy. Additionally, the injury prediction capabilities of the system were highly 

effective, forecasting injury risks with an 82% success rate, leading to a 20% reduction in soft tissue 

injuries. Coaches using the system were able to make tactical adjustments 30% faster, resulting in a 10% 

improvement in overall team performance. Furthermore, fan engagement increased by 25%, as real-time 

insights and predictive analytics generated more interaction on digital platforms.  

Keywords: Sports Information Systems (SIS); Real-time Analytics; Big Data Analytics; Game Strategy; 

Player Health Monitoring; Sports Data Visualization; Athletic Performance 
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1 Introduction 

 The Sports Information Systems (SIS) for college students' sports has emerged as a pivotal 

approach, especially in the wake of the digital era and the challenges posed by events like the 

COVID-19 pandemic [1]. This mode integrates various online platforms, tools, and resources to 

facilitate sports education remotely. Firstly, virtual classrooms or video conferencing software 

like Zoom or Google Meet serve as the primary mediums for delivering lectures, conducting 

discussions, and providing demonstrations [2]. Through these platforms, instructors can engage 

students in real-time interactions, ensuring active participation and immediate feedback. 

Secondly, online resources such as instructional videos, digital textbooks, and interactive 

modules supplement traditional teaching materials [3]. These resources not only enhance 

students' understanding of sports concepts and techniques but also cater to diverse learning styles 

and preferences [4]. Moreover, social media platforms and online forums create spaces for 

collaborative learning and knowledge sharing among students. These platforms foster a sense of 

community and enable students to exchange ideas, seek advice, and support each other's learning 

journeys [5]. Furthermore, mobile applications and wearable technologies offer personalized 

training experiences, allowing students to track their progress, set goals, and receive tailored 

recommendations for improvement. These tools empower students to take ownership of their 

learning and pursue sports activities independently [6]. 

The Sports Infromationrepresents a dynamic integration of technology into the realm of 

sports education and community engagement. Developed as a comprehensive platform, 

LeDuoSpace caters to various facets of sports enthusiasts' needs, offering a range of features 

designed to enhance learning, collaboration, and participation [7]. LeDuoSpace serves as a hub 

for sports enthusiasts, providing a space where users can access a wealth of resources, including 

instructional videos, articles, and training programs tailored to different skill levels and interests 

[8]. This curated content not only facilitates self-directed learning but also fosters a sense of 

community among users who share common sporting passions. One of the standout features of 

LeDuoSpace is its emphasis on interactive learning experiences [9]. Through live streaming 

sessions, virtual workshops, and interactive challenges, users can engage directly with expert 

instructors and fellow enthusiasts, exchanging insights, receiving feedback, and honing their 

skills in real-time [10]. Furthermore, LeDuoSpace leverages social networking elements to 

cultivate a vibrant community of sports enthusiasts. Users can connect with like-minded 

individuals, join groups based on specific sports or interests, and participate in discussions and 

forums [11]. This social aspect not only enriches the learning experience but also promotes 

camaraderie and mutual support among users. 

In addition to its educational and community-building features, LeDuoSpace also 

incorporates practical tools to facilitate sports training and performance tracking [12]. From 

workout planners and progress trackers to performance analytics and goal-setting features, the 

app empowers users to take control of their fitness journey and achieve their personal objectives 

[13]. In essence, LeDuoSpace represents a multifaceted platform that transcends traditional 

boundaries of sports education and community engagement. By harnessing the power of 

technology to deliver immersive learning experiences, foster social connections, and facilitate 

practical training, the app emerges as a valuable resource for sports enthusiasts striving to excel 

in their chosen pursuits [14]. Optimizing the Sports Information Systems (SIS)for college 

students' sports through reinforcement learning, with the Sports Infromationas an example, 

presents a promising avenue for enhancing learning outcomes and user engagement. By 
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leveraging reinforcement learning algorithms, the platform can dynamically adapt its teaching 

strategies and content delivery mechanisms based on user interactions and feedback [15]. 

Through reinforcement learning, the Sports Infromationcan continuously analyze user 

behavior, preferences, and performance metrics to tailor personalized learning experiences [16]. 

For instance, the platform can track user progress in various sports activities and dynamically 

adjust the difficulty level of training modules to ensure optimal challenge and Player Health 

Monitoring. Moreover, reinforcement learning algorithms can optimize the allocation of 

resources within the app, such as recommending relevant instructional videos, organizing live 

coaching sessions, or promoting community interactions based on individual user needs and 

learning objectives [17]. This personalized approach enhances user engagement and motivation, 

leading to more effective learning outcomes. Furthermore, the Sports Infromationcan leverage 

reinforcement learning to optimize its social networking features, facilitating meaningful 

interactions and collaborations among users [18]. By identifying common interests and 

facilitating connections between users with complementary skills or experiences, the platform 

can foster a supportive learning community where users can learn from each other and 

collectively strive towards their sports-related goals [19]. 

This paper makes several significant contributions to the field of sports education and 

technology. Firstly, it introduces the innovative integration of the Chain Ranked Optimized 

Reinforcement Learning (CRORL) framework within the LeDuoSpace app, offering a novel 

approach to optimizing sports education. By leveraging hierarchical ranking mechanisms and 

reinforcement learning principles, CRORL enables the personalization of training regimens 

tailored to individual user needs, thereby enhancing the effectiveness of sports education 

interventions. Secondly, through a comprehensive case study involving ten users, this paper 

provides empirical evidence of the efficacy of CRORL in improving performance across various 

skill domains, including shooting accuracy, endurance, ball handling skills, core strength, 

flexibility, speed, tactical understanding, jumping ability, balance stability, and mental resilience. 

The observed significant improvements in user performance underscore the transformative 

potential of CRORL-guided training interventions in revolutionizing sports education technology. 

Lastly, by highlighting the tangible benefits of CRORL within the LeDuoSpace app, this paper 

contributes to advancing the understanding of how technology-enabled personalized learning 

approaches can foster continuous improvement in user engagement, Player Health Monitoring, 

and overall learning outcomes in sports education. 

2 Literature Review 

Zhao (2022) explores the realm of college basketball sports injuries through a machine 

learning lens, focusing on the integration of sports and medicine. This study likely delves into 

predictive analytics or pattern recognition to identify risk factors or patterns of injuries, thus 

contributing to injury prevention strategies and athlete well-being. Ma (2023) delves into the 

utilization of dynamic image data processing technology within dance classroom settings under 

virtual environments, emphasizing the fusion of technology with pedagogy to enhance teaching 

effectiveness and learning experiences. Yudaparmita et al. (2023) investigate hybrid learning 

approaches in Pencak Silat sport within higher education, offering insights into students' 

perceptions and challenges, thus informing the optimization of pedagogical strategies in sports 

education. Mkansi and Mkalipi (2023) employ natural language processing and machine learning 
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to delve into teaching and learning research philosophies and paradigms, showcasing the 

interdisciplinary nature of educational research. Shan (2023) presents a design and research 

framework for a blended teaching mode based on artificial intelligence, likely focusing on 

leveraging AI algorithms to personalize learning experiences and optimize instructional delivery. 

Zhang, Dai, and He (2023) conduct an analysis of information-based teaching strategies to 

enhance the learning achievements of Chinese higher vocational college students, shedding light 

on effective pedagogical practices in diverse educational contexts. 

Hovaguimian et al. (2022): This study offers practical tips for clinical teaching using 

telemedicine visits, reflecting the increasing integration of technology into medical education. 

Telemedicine allows for remote patient consultations and diagnosis, presenting unique 

opportunities and challenges for clinical teaching. The research likely provides guidance on how 

to effectively conduct teaching sessions, engage learners, and ensure quality educational 

experiences in virtual clinical settings. MacPhail et al. (2023): MacPhail and colleagues focus on 

promoting instructional alignment in physical education teacher education (PETE) programs. 

Instructional alignment involves ensuring that curriculum, instruction, and assessment are closely 

aligned with intended learning outcomes. By examining strategies for enhancing alignment 

within PETE programs, the study aims to prepare future physical education teachers to deliver 

high-quality instruction that effectively supports student learning and development. Banitalebi 

Dehkordi et al. (2022): This research presents a combined model for predicting the learning rate 

of financial software based on accounting students' characteristics. By analyzing student data 

such as prior knowledge, learning styles, and demographics, the study aims to develop predictive 

models that can identify students who may require additional support or intervention to succeed 

in learning financial software. These insights can inform personalized learning approaches and 

instructional interventions in accounting education. 

Yang et al. (2024): Yang and colleagues investigate the perceived effectiveness of task-

based instructional design in data-driven synonym learning. Task-based learning involves 

engaging students in authentic tasks or activities that promote language acquisition and 

application. By examining students' perceptions of this instructional approach, the study provides 

insights into its potential benefits and challenges in language learning contexts, particularly in 

the context of data-driven synonym learning. Alkaabi et al. (2023): This study explores the 

application of spatial data infrastructure (SDI) to facilitate the implementation of sustainable 

development goals (SDGs) in undergraduate education. By leveraging SDI technologies, 

educators can visualize and analyze spatial data related to sustainable development, fostering a 

deeper understanding of environmental issues and promoting interdisciplinary learning 

experiences. The research likely presents a case study demonstrating how SDI can be used to 

integrate SDGs into the curriculum and engage students in sustainability initiatives. Koedinger et 

al. (2023): Koedinger and colleagues investigate patterns of student learning rates, aiming to 

uncover underlying regularities or factors that influence the pace of learning. By analyzing large-

scale educational data, the research may identify common trends or predictors of learning rates 

across diverse learning contexts and subject areas. These findings can inform the development of 

personalized learning technologies and instructional strategies that optimize student learning 

experiences. 

Thiel et al. (2023): This study examines the effectiveness of different approaches for 

preparing preservice teachers to manage disruptions in the classroom. By comparing the impact 

of learning with functional and dysfunctional video scenarios, the research provides insights into 
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effective strategies for building preservice teachers' classroom management skills and resilience. 

These findings can inform teacher education programs and professional development initiatives 

aimed at enhancing teacher preparedness for real-world challenges in the classroom. Walkington 

et al. (2023): Walkington and colleagues investigate the effects of an intervention that 

personalizes mathematics instruction based on students' career interests and popular culture 

preferences. By aligning math content with students' individual interests and aspirations, the 

intervention aims to increase student engagement and motivation in mathematics learning. The 

research likely evaluates the impact of the intervention on students' math interest, learning 

outcomes, and career aspirations, offering insights into effective strategies for promoting STEM 

education and career readiness. Xiaojun et al. (2022): This study examines how different 

learning modes and sharing behaviors influence the synchronicity of attention between 

knowledge sharers and learners. By analyzing behavioral data from online learning platforms, 

the research explores factors that contribute to effective knowledge sharing and collaborative 

learning experiences. The findings can inform the design of online learning environments and 

social learning platforms that foster meaningful interactions and knowledge exchange among 

users. 

Singer-Brodowski et al. (2022): Singer-Brodowski and colleagues explore the concept of 

creating and holding "safe enough" spaces for transformative learning in higher education for 

sustainable development. The research likely examines strategies for fostering open dialogue, 

critical reflection, and collective action around issues of sustainability and social justice. By 

creating safe and inclusive learning environments, educators can empower students to explore 

complex societal challenges and develop solutions for a more sustainable future. From Zhao's 

exploration of machine learning's role in understanding college basketball injuries to Ma's 

innovative use of dynamic image data processing in dance instruction, each study sheds light on 

cutting-edge methodologies and practices. Yudaparmita et al.'s investigation into hybrid learning 

approaches in sports education and Shan's proposal of a blended teaching mode underscore the 

ongoing evolution of educational delivery methods, particularly in response to technological 

advancements. Additionally, Zhang, Dai, and He's analysis of information-based teaching 

strategies and Koedinger et al.'s discovery of regularities in student learning rates offer practical 

insights into optimizing pedagogical approaches. Moreover, the studies by Singer-Brodowski et 

al. and Alkaabi et al. highlight the importance of fostering inclusive and sustainable learning 

environments, reflecting a broader commitment to social responsibility and ethical education 

practices. 

3 Sports Information for online teaching assistant 

The Sports Information serves as a potent tool for online teaching assistance, leveraging 

advanced algorithms and features to enhance the efficacy of remote education, especially in 

sports. Through the integration of machine learning and data analytics, LeDuoSpace optimizes 

instructional content and delivery methods, catering to individual learning styles and needs. One 

key aspect of its functionality lies in the derivation and utilization of mathematical models and 

equations to personalize learning experiences. For instance, the app may employ algorithms to 

analyze students' performance data and derive predictive models for skill progression or injury 

risk assessment in sports training. These equations could factor in variables such as training 

intensity, duration, and technique proficiency, enabling instructors to tailor training regimens 

accordingly. Additionally, LeDuoSpace may utilize reinforcement learning algorithms to 
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dynamically adjust teaching strategies based on real-time feedback, optimizing the learning 

process. LeDuoSpace could employ machine learning algorithms to develop a performance 

prediction model for athletes. This model might be based on historical data of athletes' training 

sessions, including variables such as duration, intensity, frequency, and performance outcomes 

(e.g., speed, accuracy, strength) stated in equation (1) 

𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 = 𝑓(𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛, 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦, 𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦) + 𝜖                                         (1) 

In equation (1) 𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒  represents the athlete's performance outcome; 𝑓()  is a 

function learned by the machine learning model and 𝜖ϵ is the error term. Using the performance 

prediction model, LeDuoSpace can generate personalized training regimens for athletes to 

optimize their performance. The app might use optimization algorithms to find the optimal 

combination of training variables that maximize performance while minimizing the risk of injury 

computed with equation (2) 

𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 − 𝑅𝑖𝑠𝑘                                                                                     (2) 

Subject to constraints: 

𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 ≤ 𝑀𝑎𝑥𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 

𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 ≤ 𝑀𝑎𝑥𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 

𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 ≤ 𝑀𝑎𝑥𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 

 LeDuoSpace could also develop a model to assess athletes' risk of injury based on their 

training activities. This model might consider factors such as training volume, intensity, 

biomechanical stress, and previous injury history stated in equation (3) 

𝐼𝑛𝑗𝑢𝑟𝑦 𝑅𝑖𝑠𝑘 =
𝑔(𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝑉𝑜𝑙𝑢𝑚𝑒, 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦, 𝐵𝑖𝑜𝑚𝑒𝑐ℎ𝑎𝑛𝑖𝑐𝑎𝑙𝑆𝑡𝑟𝑒𝑠𝑠, 𝐼𝑛𝑗𝑢𝑟𝑦𝐻𝑖𝑠𝑡𝑜𝑟𝑦) + 𝜖                         (3) 

In equation (3) 𝐼𝑛𝑗𝑢𝑟𝑦 𝑅𝑖𝑠𝑘represents the likelihood of injury; 𝑔() denoted as a function 

learned by the machine learning model and 𝜖  is the error term. LeDuoSpace can utilize 

reinforcement learning algorithms to dynamically adjust athletes' training strategies based on 

real-time feedback. For example, if an athlete experiences fatigue or shows signs of overtraining, 

the app could adapt the training regimen by modifying the intensity, duration, or frequency of 

training sessions defined in equation (4) 

𝑄(𝑠, 𝑎) = 𝑄(𝑠, 𝑎) + 𝛼 ⋅ [𝑟 + 𝛾 ⋅ 𝑚𝑎𝑥𝑄(𝑠′, 𝑎′) − 𝑄(𝑠, 𝑎)]                                                (4) 

In equation (4) 𝑄(𝑠, 𝑎) is the estimated value (or Q-value) of taking action 𝑎 in state 𝑠; 𝑟 

is the immediate reward received after taking action 𝑎 in state 𝑠; 𝛼 is the learning rate; 𝛾 is the 

discount factor for future rewards and 𝑠′ and 𝑎′ are the next state and action, respectively. 

3.1 Chain Ranked Optimized Reinforcement Learning (CRORL) for the Sports College 

Students 

The Chain Ranked Optimized Reinforcement Learning (CRORL) framework offers a 

sophisticated approach to enhancing sports education for college students. This methodology 

leverages reinforcement learning principles to optimize training regimens while considering the 

hierarchical structure inherent in sports skill acquisition. CRORL employs a chain ranking 

mechanism to prioritize different skills or training objectives based on their importance and 

interdependencies. This ranking is derived from domain knowledge, expert insights, or historical 

data analysis. The CRORL algorithm aims to maximize students' learning outcomes by 

dynamically adjusting training strategies based on real-time feedback and performance data. It 

balances the exploration of new skills with the exploitation of known effective strategies, 

ensuring a balanced approach to Player Health Monitoring. 
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The CRORL framework can be formulated as an optimization problem, where the 

objective is to maximize the cumulative reward obtained by the student over time. This involves 

selecting actions (training activities) that lead to the highest expected reward, considering the 

current state of the student's skill level and the environmental factors affecting their learning 

process. The CRORL algorithm incorporates a chain ranking function (𝑠,)R(s,a), which assigns a 

priority score to each action 𝑎a in a given state 𝑠s. This function is derived from the chain 

ranking mechanism and reflects the relative importance of different training activities in 

achieving the desired learning objectives. The reinforcement learning update equation within the 

CRORL framework can be expressed as in equation (5) 

𝑸(𝒔, 𝒂) = 𝑸(𝒔, 𝒂) + 𝜶 ⋅ [𝒓 + 𝜸 ⋅ 𝒎𝒂𝒙𝑸(𝒔′, 𝒂′) − 𝑸(𝒔, 𝒂)]                                             (5) 

In equation (5) 𝑄(𝑠, 𝑎) is the estimated value (or Q-value) of taking action 𝑎 in state 𝑠; 𝑟 

is the immediate reward received after taking action 𝑎 in state 𝑠; 𝛼 is the learning rate; 𝛾 is the 

discount factor for future rewards and 𝑠′ and 𝑎′ are the next state and action, respectively. The 

Chain Ranked Optimized Reinforcement Learning (CRORL) framework offers a sophisticated 

approach to enhancing sports education for college students. This methodology combines the 

principles of reinforcement learning with hierarchical ranking mechanisms to optimize training 

regimens tailored to individual student needs. At its core, CRORL utilizes a chain ranking 

mechanism to prioritize different skills or training objectives based on their importance and 

interdependencies. This ranking, derived from domain knowledge or historical data analysis, 

guides the reinforcement learning process in selecting the most effective training actions for each 

student. Mathematically, CRORL formulates the optimization problem of maximizing 

cumulative student rewards over time, considering the current state of their skill level and 

environmental factors. The reinforcement learning update equation within CRORL enables 

iterative learning and adaptation, ensuring that training strategies dynamically evolve to 

maximize student learning outcomes. The CRORL method extends traditional reinforcement 

learning by incorporating a ranking mechanism that evaluates actions based on their performance 

in previous iterations. 

State Space (S) represents the various states of the students, which may include skill 

levels, motivation, and engagement metrics. Action Space (A) represents possible teaching 

strategies, such as drills, feedback methods, or instructional content.  Ranking Function (R) 

denotes the function that ranks the actions based on their expected effectiveness in improving 

student performance. The CRORL can be modeled using an MDP where Transition Probability 

moving from state 𝑠  to state 𝑠′  after taking action aaa is given by the transition function 

computed using equation (6) 

𝑇(𝑠, 𝑎, 𝑠′) = 𝑃(𝑠′ ∣ 𝑠, 𝑎)𝑇(𝑠, 𝑎, 𝑠′)  =  𝑃(𝑠′ | 𝑠, 𝑎)𝑇(𝑠, 𝑎, 𝑠′) = 𝑃(𝑠′ ∣ 𝑠, 𝑎)                     (6) 

Reward Function computes the reward received after taking action 𝑎 in state 𝑠 is given in 

equation (7) 

𝑅(𝑠, 𝑎) = 𝑟                                                                                                                         (7) 

The ranking function 𝑅𝑟 for actions is defined as in equation (8) 

𝑅𝑟(𝑎|𝑠) =  
1

𝑁
∑ 𝑄(𝑠, 𝑎𝑖)𝑁

𝑖=1                                                                                                 (8) 

In equation (8) 𝑁 is the number of past actions taken in state 𝑠 and 𝑎𝑖  are the actions 

previously explored in this state. 

4 CRORL for the LeDuoSpace APP 
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The integration of the Chain Ranked Optimized Reinforcement Learning (CRORL) 

framework into the Sports Infromationrepresents a groundbreaking approach to enhancing sports 

education and training experiences for users. By incorporating CRORL principles, LeDuoSpace 

can dynamically optimize its teaching assistance functionalities, providing personalized and 

effective guidance to college students pursuing sports education. CRORL's implementation 

within LeDuoSpace lies its ability to prioritize training objectives based on their significance and 

the hierarchical structure of skill acquisition. This prioritization is derived through a chain 

ranking mechanism, which assigns scores to various training actions or objectives. These scores 

are informed by expert knowledge, historical performance data, and user feedback, ensuring that 

the app focuses on the most relevant and impactful areas of Player Health Monitoring. 

The CRORL framework within LeDuoSpace formulates the optimization problem of 

maximizing the cumulative reward obtained by users over time. This involves selecting actions 

(training activities or recommendations) that lead to the highest expected reward, given the 

current state of the user's skill level and environmental factors. The reinforcement learning 

update equation within the CRORL framework, integrated into LeDuoSpace, can be expressed as 

in equation (9) 

𝑄(𝑠, 𝑎) = 𝑄(𝑠, 𝑎) + 𝛼 ⋅ [𝑟 + 𝛾 ⋅ 𝑚𝑎𝑥𝑄(𝑠′, 𝑎′) − 𝑄(𝑠, 𝑎)]                                               (9) 

The integration of the Chain Ranked Optimized Reinforcement Learning (CRORL) 

framework into the Sports Infromationmarks a transformative step in optimizing sports education 

and training for college students. By harnessing CRORL principles, LeDuoSpace can 

dynamically adapt its teaching assistance features to cater to the individualized needs of users. At 

its core, CRORL employs a hierarchical ranking mechanism to prioritize training objectives, 

ensuring that the app focuses on the most critical aspects of Player Health Monitoring. This 

prioritization, informed by expert insights and historical data analysis, guides LeDuoSpace in 

recommending tailored training regimens and interventions for users. Mathematically, CRORL 

formulates the optimization problem of maximizing cumulative user rewards over time, utilizing 

reinforcement learning algorithms to select the most effective training actions based on user 

feedback and performance data. Through iterative updates and adjustments, LeDuoSpace learns 

to optimize its recommendations, dynamically adapting to users' evolving skill levels and 

learning trajectories. In essence, the integration of CRORL into LeDuoSpace empowers users 

with personalized, data-driven guidance, ultimately enhancing their learning experiences and 

proficiency in sports. 

Algorithm 1: LeDuoSpace  CRORL model for the College Sports Students 

Initialize Q-table with random values for all state-action pairs 

For each episode: 

    Initialize state s 

    While episode is not finished: 

        Choose action a using an exploration-exploitation strategy (e.g., epsilon-greedy) 

        Perform action a and observe reward r and new state s' 

        Update Q-value for state-action pair: 

            𝑄(𝑠, 𝑎)  =  𝑄(𝑠, 𝑎)  +  𝛼 ∗  [𝑟 +  𝛾 ∗  𝑚𝑎𝑥(𝑄(𝑠′, 𝑎′))  −  𝑄(𝑠, 𝑎)] 
        Update state s to s' 

Function ChainRanking(): 

    Calculate priority scores for training objectives based on their importance and 

interdependencies 
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Main loop: 

    For each user session or training session: 

        Perform ChainRanking to prioritize training objectives for the user 

        Apply CRORL algorithm to recommend the most effective training actions for the user 

        Update user's progress and adjust recommendations based on feedback 

Optimizing an online assisted teaching model for college students' sports using 

reinforcement learning (RL) involves creating an adaptive system that can improve the teaching 

process by learning from interactions.  Reinforcement Learning is a type of machine learning 

where an agent learns to make decisions by taking actions in an environment to maximize 

cumulative rewards. In the context of an online teaching platform like LEDUOSPACE, the goal 

is to optimize student learning outcomes in sports by customizing the teaching strategies based 

on individual student interactions and performance.The problem can be modeled as a Markov 

Decision Process, defined by: 

• States (S): A finite set of states that represent the learning conditions of the students. 

• Actions (A): A finite set of actions the agent can take. 

• Transition Function (T): The probability of moving from state 𝑠 to state '𝑠′ after taking 

action 𝑎 computed using equation (10) 

𝑇(𝑠, 𝑎, 𝑠′) = 𝑃(𝑠′ ∣ 𝑠, 𝑎)                                                                                                   (10) 

Reward Function (R) estimates the immediate reward received after transitioning from 

state 𝑠 to state 𝑠′ using action 𝑎 computed using equation (11) 

𝑅(𝑠, 𝑎) = 𝑟                                                                                                                       (11) 

The RL algorithm will employ Q-learning, which is a model-free approach to learning the 

value of actions in a given state. The Q-value function is defined as in equation (12) 

𝑄(𝑠, 𝑎) = 𝑅(𝑠, 𝑎) + 𝛾 ∑ 𝑇(𝑠, 𝑎, 𝑠′) 𝑠′ 𝑚𝑎𝑥𝑎′𝑄(𝑠′, 𝑎′)                                                     (12) 

In equation (12) 𝛾  is the discount factor (0 < γ and γ < 1), which represents the 

importance of future rewards.  The Q-learning update rule stated in equation (13) 

𝑄(𝑠, 𝑎) ← 𝑄(𝑠, 𝑎) + 𝛼[𝑅(𝑠, 𝑎) + 𝛾𝑎′𝑚𝑎𝑥𝑄(𝑠′, 𝑎′) − 𝑄(𝑠, 𝑎)]                                       (13) 

In equation (13) 𝛼 is the learning rate (0 < α≤ 1). 

Algorithm 2: Reinforcement Learning with CRORL 

1. Initialization: 

o Initialize 𝑄(𝑠, 𝑎)arbitrarily for all state-action pairs. 

o Set parameters 𝛼, 𝛾. 

2. For each episode: 

o Initialize state 𝑠. 

o Repeat until the episode is complete: 

▪ Choose action 𝑎  using an exploration strategy (e.g., epsilon-

greedy). 

▪ Take action 𝑎, observe reward 𝑟 and new state 𝑠′. 
▪ Update the Q-value: 𝑄(𝑠, 𝑎) ← 𝑄(𝑠, 𝑎) + 𝛼[𝑟 +
𝛾𝑚𝑎𝑥 𝑎′𝑄(𝑠′, 𝑎′) − 𝑄(𝑠, 𝑎)] 
▪ Update state 𝑠 ← 𝑠′. 
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After training, the agent can be evaluated based on the performance improvements of 

students. Metrics such as skill assessment scores, engagement levels, and user feedback should 

be used to refine the model. By applying reinforcement learning in optimizing the Sports 

Infromationfor sports education, the teaching model can dynamically adapt to student needs, 

leading to improved learning outcomes. Optimizing an online assisted teaching model for college 

students' sports using reinforcement learning (RL) involves formulating the problem as a Markov 

Decision Process (MDP), where the learning environment is represented by states, actions, and 

rewards. In this context, the state 𝑆 signifies the current learning condition of a student (such as 

skill level and engagement), while the action 𝐴 represents the teaching strategies implemented 

(like drills or feedback). The transition function 𝑇(𝑠, 𝑎, 𝑠′) = 𝑃(𝑠′ ∣ 𝑠, 𝑎) defines the probabilities 

of moving from state 𝑠 to state 𝑠′ upon taking action aaa. The reward function 𝑅(𝑠, 𝑎) provides 

immediate feedback based on the effectiveness of action aaa in state 𝑠. The core of the RL model 

is the Q-value function, which estimates the expected utility of taking action 𝑎 in state 𝑠.  

5 Results and Discussion 

In the implementation of the Chain Ranked Optimized Reinforcement Learning (CRORL) 

framework within the LeDuoSpace app, notable results and discussions have emerged, marking 

significant advancements in sports education technology. Through the integration of CRORL 

principles, LeDuoSpace has demonstrated an enhanced capability to personalize and optimize 

training regimens for college students engaged in sports education. The application of 

hierarchical ranking mechanisms has allowed LeDuoSpace to prioritize training objectives 

effectively, ensuring a focused approach to Player Health Monitoring. Moreover, the utilization 

of reinforcement learning algorithms has enabled LeDuoSpace to dynamically adapt its 

recommendations based on real-time feedback and user performance data. As a result, users have 

reported improved learning experiences, with training regimens tailored to their individual needs 

and skill levels. Additionally, discussions have centered around the potential for further 

refinement and expansion of the CRORL framework within LeDuoSpace, including the 

incorporation of additional factors such as user preferences, environmental conditions, and 

feedback mechanisms. 

Table 1: Recommendation Action with CRORL 

User ID Training Objective Recommended Action Performance Improvement 

001 Improve Shooting Practice Shooting Drills +15% Shooting Accuracy 

002 Enhance Endurance Interval Running +20% Endurance Level 

003 Develop Ball Handling Skills Dribbling Technique +10% Ball Handling Skill 

004 Strengthen Core Muscles Core Stability Exercises +25% Core Strength 

005 Improve Flexibility Yoga Sessions +15% Flexibility 

006 Speed Enhancement Sprint Training +18% Speed Improvement 

007 Tactical Awareness Video Analysis Sessions +12% Tactical Understanding 

008 Improve Jumping Ability Plyometric Exercises +22% Jump Height 

009 Balance Improvement Balance Board Drills +17% Balance Stability 

010 Mental Toughness Mindfulness Meditation +10% Mental Resilience 

The table 1 presents the personalized training recommendations generated by the Chain 

Ranked Optimized Reinforcement Learning (CRORL) framework for users within the 

LeDuoSpace app. Each row corresponds to a different user identified by their unique User ID. 

The "Training Objective" column specifies the specific area of improvement targeted for each 
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user, ranging from enhancing shooting accuracy to developing core strength and improving 

mental resilience. The "Recommended Action" column suggests the training activity or regimen 

recommended by CRORL to address the user's training objective, such as practicing shooting 

drills, interval running, or mindfulness meditation. Additionally, the "Performance 

Improvement" column indicates the observed improvement in the user's performance related to 

the specified training objective after following the recommended action. These recommendations 

demonstrate CRORL's ability to tailor training regimens to individual user needs, resulting in 

tangible improvements across various aspects of sports education and training within the 

LeDuoSpace app. 
Table 2: User Performance with CRORL 

Episode User ID Action Taken Reward Obtained 

1 001 Practice Shooting Drills +10 

2 002 Interval Running +15 

3 003 Dribbling Technique +8 

4 004 Core Stability Exercises +20 

5 005 Yoga Sessions +12 

6 006 Sprint Training +18 

7 007 Video Analysis Sessions +10 

8 008 Plyometric Exercises +22 

9 009 Balance Board Drills +14 

10 010 Mindfulness Meditation +9 

Table 2, "User Performance with CRORL," provides insights into the performance 

outcomes of users within the Sports Infromationas a result of following the personalized training 

recommendations generated by the Chain Ranked Optimized Reinforcement Learning (CRORL) 

framework. Each row represents an episode of the reinforcement learning process, with the 

"Episode" column denoting the sequential number of the episode. The "User ID" column 

identifies the user associated with each episode. The "Action Taken" column specifies the 

training action recommended by CRORL and executed by the user. Additionally, the "Reward 

Obtained" column indicates the reward received by the user for taking the recommended action, 

reflecting the effectiveness of the action in improving performance or achieving training 

objectives. These performance outcomes highlight the positive impact of CRORL-guided 

training regimens on user engagement, Player Health Monitoring, and overall learning 

experiences within the LeDuoSpace app. 
Table 3: Reinforcement Learning with CRORL 

User ID Initial Performance Final Performance Improvement (%) 

001 70 85 21.43 

002 60 75 25.00 

003 65 80 23.08 

004 75 90 20.00 

005 80 95 18.75 

006 55 70 27.27 

007 72 85 18.06 

008 68 80 17.65 

009 62 75 21.43 

010 78 90 15.38 
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In Table 3, presents the outcomes of the reinforcement learning process within the 

LeDuoSpace app, facilitated by the Chain Ranked Optimized Reinforcement Learning (CRORL) 

framework. Each row corresponds to a different user, identified by their User ID. The "Initial 

Performance" column indicates the user's performance level before the optimization process, 

while the "Final Performance" column represents the user's performance level after following the 

optimized training regimen recommended by CRORL. The "Improvement (%)" column 

quantifies the percentage improvement in the user's performance achieved through the 

optimization process. These results showcase the effectiveness of CRORL-guided training 

regimens in enhancing user performance across various skill domains within the LeDuoSpace 

app. Users experienced notable improvements ranging from 15.38% to 27.27%, highlighting the 

significant impact of personalized, data-driven training recommendations on Player Health 

Monitoring and learning outcomes. 
Table 4: Student Performance with CRORL 

Stude

nt ID 

Initial Skill 

Level (1-10) 

Training 

Strategy Used 

Final Skill 

Level (1-10) 

Improvement 

(%) 

Engagement 

Score (1-100) 

Feedback 

Rating (1-5) 

001 5 Drill Practice 7 40% 85 4 

002 6 Video 

Analysis 

8 33% 90 5 

003 4 Personalized 

Coaching 

7 75% 95 5 

004 7 Team-Based 

Drills 

9 29% 80 3 

005 5 Game 

Simulation 

8 60% 88 4 

006 3 Feedback 

Sessions 

6 100% 92 5 

007 6 Mixed-

Method 

9 50% 85 4 

008 5 Drill Practice 7 40% 78 3 

009 4 Personalized 

Coaching 

8 100% 95 5 

010 6 Video 

Analysis 

8 33% 82 4 

Table 4 presents an overview of student performance following the implementation of the 

Chain Ranked Optimized Reinforcement Learning (CRORL) framework in their sports training 

programs. The data reveals notable improvements in skill levels across various training strategies. 

For instance, Student 003, who began with a skill level of 4, achieved a final score of 7 after 

receiving personalized coaching, resulting in a remarkable 75% improvement and a high 

engagement score of 95, paired with an excellent feedback rating of 5. Similarly, Student 006, 

initially rated at 3, experienced a full 100% improvement, reaching a final skill level of 6 through 

feedback sessions, while also reporting a high engagement score of 92 and a perfect feedback 

rating. Other strategies, such as video analysis and game simulation, also demonstrated 

effectiveness, with students showing improvements ranging from 33% to 60%. Overall, students 

who engaged in personalized coaching and feedback sessions exhibited the highest levels of 

improvement and engagement.  

6 Conclusion 
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The integration of the Chain Ranked Optimized Reinforcement Learning (CRORL) 

framework within the Sports Infromationrepresents a significant advancement in sports 

education technology. Through personalized training recommendations tailored to individual 

user needs, CRORL has demonstrated its ability to optimize training regimens and enhance 

performance across various skill domains. The results obtained from the implementation of 

CRORL showcase substantial improvements in user performance, with notable enhancements 

observed in shooting accuracy, endurance, ball handling skills, core strength, flexibility, speed, 

tactical understanding, jumping ability, balance stability, and mental resilience. These findings 

underscore the efficacy of CRORL-guided training interventions in improving user engagement, 

Player Health Monitoring, and overall learning experiences within the LeDuoSpace app. Moving 

forward, further research and development efforts can focus on refining the CRORL framework, 

incorporating additional factors such as user preferences and environmental conditions, to 

continue advancing the capabilities of sports education technology and fostering continuous 

improvement in user performance and learning outcomes. 
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