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Abstract: Students with disabilities find learning challenging in traditional learning environments due 

to the lack of instructional strategies that are not personalized or adaptive. Various studies have 

focused on identifying learning difficulties such as dyslexia, dysgraphia, and dyscalculia, which 

require a multi-step screening process under the supervision of psychologists. Identifying these 

difficulties is challenging but essential, as it impacts a student’s learning and academic success. 

Everyone’s comprehension ability depends on several factors, including the experience and 

knowledge they bring to the learning environment. With the evolution of technology and the 

advancement of e-learning platforms, adaptive e-learning has bridged the gap between students’ needs 

and educational institutions' extra classes, enabling students to select targeted courses aligned with 

their interests. Since the onset of COVID-19, universities have recognized the necessity of online 

learning and have continued to use these platforms for student assessment. Educational institutions 

seek innovative strategies to enhance personalized learning (PL) for students with disabilities. The use 

of technology in schools has created new opportunities for PL, especially for students with disabilities. 

Traditional learning systems frequently neglect the diverse focuses and distinct requirements of 

students with visual, cognitive, motor, or auditory impairments. Because of this lack of flexibility, 
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students with disabilities are less likely to be engaged and to complete tasks. Identifying and using 

effective learning strategies that work for each student remains a significant challenge in education. To 

address this issue, this paper proposes a reinforcement learning–based PL system for students with 

disabilities (PLS-SD) using Q-learning. We suggest PL actions, including audio instructions, 

augmented reality, and text-based resources. A reward system based on real-world outcomes, i.e., how 

well students complete their work and how engaged they are, helps them learn. Experimental results 

demonstrate that the proposed approach effectively identifies optimal actions for different learner 

states, with immersive and adaptive strategies, such as augmented reality and interactive content, 

consistently achieving higher rewards. The model shows stable learning behavior across training 

episodes and successfully adapts its policy to maximize learner engagement and task completion. As 

indicated by comparing the results with currently advanced models, the proposed method outperforms 

approaches that are considered traditional by providing context-aware and adaptable 

recommendations. These findings highlight the potential of reinforcement learning to support scalable 

and personalized educational solutions for diverse learners. 

Keywords: reinforcement learning, Q learning, artificial intelligence, neural network, modeling 

 

1. Introduction  

Inclusive education aims to provide equitable learning opportunities for all students, regardless of 

their physical, cognitive, or sensory abilities. In recent years, technological advancements have 

emerged as powerful tools for enhancing accessibility in education [1,2]. PL has been emphasized as 

a key goal and reform initiative in modern education [3]. PL methods are especially useful for 

students with disabilities, who often struggle to find jobs because they do not have equal learning 

chances. This problem has grown worse with online learning. While PL systems can help, many 

e-learning platforms still do not support the needs of learners with cognitive disabilities [4,5]. 

PL path recommendation creates a learning path based on a learner's goals, abilities, and personal 

characteristics. While an adaptive learning environment offers personalized content to learners for 

self-directed study [6,7], current methods, such as global optimal and local iterative recommendations, 

suggest a fixed order of learning materials. This lack of flexibility makes learning harder for students. 

In addition, these methods cannot fully adjust the learning path as a student’s knowledge changes over 

time [8‒10]. 

A learning style is the way an individual learns, shaped by their preferences, strengths, and 

weaknesses [11]. Universities often offer support for students with disabilities, but few programs 

specifically address the needs of those with intellectual or developmental disabilities [12‒16]. 

In recent years, there have been notable developments in utilizing RL (Reinforcement Learning) 

techniques to enhance the personalization capabilities of RSs (Recommender Systems). RL is one of 

the subcategories of machine learning (ML). RL agents learn optimal actions through trial-and-error 

interactions with the environment [17]. RL determines the optimal action or path in a given scenario. 

Unlike supervised learning, RL does not have a training set with a defined answer and instead trains 

the agent through experience in unpredictable environments [18]. The agent takes actions, iteratively 

learning how to complete the task. The reward serves as a gauge of how successful the preceding 

action was in achieving the objective. RL algorithms dynamically adjust learning content based on the 
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student's progress, strengths, and challenges. For instance, if a student with dyslexia struggles with 

reading comprehension, the system prioritizes visual or auditory learning materials. 

However, despite these advances, limited work has focused on applying RL specifically for 

students with disabilities by explicitly modeling learner states (e.g., disability type and engagement 

level), defining targeted learning actions, and designing reward structures based on engagement and 

task completion. 

This research aims to enhance learning engagement for students with disabilities by identifying 

and recommending the most effective learning strategies and designing a reward system that reflects 

real-world learning outcomes, such as task completion rates and engagement improvements, for 

various states.  

The subsequent sections are organized as follows: A brief overview of background studies on 

related work is presented in Section 2. Section 3 shows a system design of the proposed work, while 

Section 4 presents the results and evaluation. Section 5 concludes the paper and outlines directions for 

future research work. 

2. Literature review 

Various studies have focused on identifying learning difficulties such as dyslexia, dysgraphia, and 

dyscalculia, which require a multi-step screening process under the supervision of psychologists. This 

remains a challenging but important problem in educational systems. Dutt et al. [19] proposed an 

intelligent tutoring system framework to identify learning disabilities, and 24 participants (both with 

and without learning disabilities) were assessed. The intelligent tutoring system design includes a 

pre-test analysis, followed by system-based screening of the child's responses to detect learning 

difficulties. Neural network classifiers, specifically the fuzzy min-max neural network, were applied to 

create learner profiles and identify disabilities. Fuzzy sets were used in the supervised learning process 

to classify and profile learners with disabilities in the intelligent tutoring system [19]. While this 

approach is effective for identifying learning difficulties, it mainly focuses on diagnosis rather than 

recommending adaptive learning strategies. 

Minoofam et al. [20] presented RALF, an adaptive RL framework using Cellular Learning 

Automata to automatically create content for dyslexic students. RALF begins by generating simplified 

alphabet models, then generates Persian words through algorithms that account for character states. 

This work highlights the potential of RL in supporting specific disabilities such as dyslexia; however, 

it is limited to content generation for a single disability type and does not generalize across multiple 

learner profiles. 

Learning disabilities can be classified into different categories, and analyzing them helps students 

improve their weak areas. Existing models for such analysis are often complex and not scalable. To 

address this, Modak and Gharpure [21] proposed a model that assessed students with and without LD 

using multimodal analysis. It collects real-time responses to various question types, processes them 

through a correlative engine, and evaluates performance based on accuracy, response time, and other 

factors. Khabbaz et al. [22] introduced a customized serious game designed to assess social skills in 

children with autism spectrum disorder (ASD). The game adapts to each child's abilities using RL and 

evaluates social skills through fuzzy logic. An intelligent agent adjusts the game's difficulty by 

modifying elements, shapes, movements, and speed based on the child's progress. If communication 

skills improve during gameplay, challenges increase dynamically to ensure continuous evaluation. The 
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system estimates the player’s level by analyzing factors like gaze points and correct responses. Three 

children with ASD participated in five game sessions each, and results showed that the approach is 

effective in the long run. These approaches demonstrate the use of adaptive systems for assessment 

and skill development, but they primarily focus on evaluation rather than continuous personalized 

learning strategy recommendation. 

An online learning platform has emerged as a vital resource for learners, offering convenient 

access and abundant educational content. To address the dynamic short-term needs and long-term 

learning objectives of online learners, Ma et al. [23] proposed user modeling and learning path 

recommendation. They introduced a novel approach, cDQN-PathRec, that integrates multi-behavior 

user modeling with cascading deep Q-networks to learn path recommendations. The proposed model 

uses a knowledge graph-based multi-behavior transformer architecture for user state modeling, 

incorporating factors such as a learner's knowledge background, learning styles, settings, and 

preferences. A cascading DQN with a two-tier reward function is employed to guide the agent toward 

achieving both balanced global and local optima. Unlike disability-focused approaches, this work 

targets general learners and does not explicitly consider disability-specific needs or engagement 

variations. 

F. Zhang et al. [8] introduced a process-type learning path model and a recommendation approach 

that presents learning paths as flowcharts. It dynamically suggests branching paths based on learners' 

evolving knowledge states throughout their learning journey. Specifically, deep knowledge tracing is 

used to annotate learners' knowledge states from historical logs, while process mining is employed to 

generate a personalized process-type learning path that captures sequences, parallel relationships, and 

selection relationships among learning objects. [24] proposed a deep Q-learning (DQN) method 

informed by marketing psychology. While these studies improve adaptive learning and 

recommendation systems, they are not specifically designed for students with disabilities or 

disability-aware personalization. 

Shawky and Badawi [25] proposed an adaptive learning approach tailored to the dynamic needs of 

individual learners and diverse educational contexts, including both solo and collaborative 

environments. The system uses RL to build an intelligent framework that not only suggests PL 

materials but also adapts to the learner's changing states (such as engagement and knowledge) and 

acceptance of educational technologies. We demonstrate the feasibility of the approach through 

simulation-based evaluations, and the results indicate strong potential for real-world use. We present a 

data-driven PL platform enhanced by reinforcement learning and big data tools, developed by [26], 

which combines knowledge tracking and adaptive AI, leading to a 62% progress increase over 

traditional methods. Imamah et al. [27] used the ant colony algorithm and item response theory (IRT) 

for learning improvements. Authors in [28] introduced an AI-enabled intelligent assistant for higher 

education. Similarly, the work presented in [29] applied an AI-based dashboard for educational 

leaders, while [25] emphasized the necessity of teaching AI in schools to prepare students for a 

technology-driven future. Overall, these studies demonstrate increasing adoption of AI in education, 

but their range tends to overlook disability-aware adaptive decision-making. 

Recent research also acknowledges the influential, positive presence of AI to help engage learners 

and enhance creativity and digital literacy in education. Research conducted in [30] outlines that 

learners' perceptions toward AI and their attitude toward trust impact the effectiveness and adoption of 

AI-based education tools in digital learning. Research surrounding the presence of generative AI in 

education, conducted by [31], outlines the positive presence of generative AI in enhancing creativity, 
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learner engagement, and language proficiency through the support of an interactive and adaptive 

digital learning environment. Further work [32] and [33] has also explored how AI dependency and 

learner perception affect motivation and vocabulary acquisition, emphasizing the psychological and 

behavioral aspects of AI-driven learning. These findings collectively suggest that beyond algorithmic 

personalization, successful educational systems must also consider learner engagement, trust, and 

interaction when designing adaptive learning environments. 

To our knowledge, current research highlights the importance of machine learning techniques for 

adapting educational content to learners' levels. Despite progress in machine learning–based 

educational systems, there is still limited work on reinforcement learning frameworks that jointly 

model disability type, engagement level, and adaptive learning intervention selection based on 

real-world feedback. This study addresses this gap by proposing a Q-learning-based personalized 

learning system for students with disabilities. 

3. Materials and methods 

This section presents a proposed RL-based framework for personalized learning strategies for 

students with disabilities. Figure 1 shows the flowchart of the proposed model. The explanation of the 

model is described in the following subsections. 

3.1. System components (states and actions) 

The number of states(s) and actions (a) forms the dimensions of the Q-table, which will store 

learned values for state-action pairs. 

3.1.1. States 

States represent different conditions of students' disabilities, such as engagement level or task 

performance. These states account for a) type of disability (e.g., cognitive, visual, hearing, motor, or 

general disabilities), b) engagement level (e.g., low or high), and c) task completion rate (e.g., slow or 

fast), and can be seen in Table 1. 

Table 1. Types of states. 

S. No State types 

1.  Cognitive impairment: low engagement 

2.  Visual impairment: low engagement 

3.  Hearing impairment: low engagement 

4.  Motor impairment: low engagement 

5.  Cognitive impairment: high engagement 

6.  Visual impairment: high engagement 

7.  Hearing impairment: high engagement 

8.  Motor impairment: high engagement 

9.  General disabilities: task completion rate: slow 

10.  General disabilities: task completion rate: fast 
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Figure 1. Proposed flowchart for PLS-SD using RL. 

3.1.2. Actions 

Actions correspond to PL strategies that can be applied to improve engagement and learning 

outcomes. The selected actions are presented in Table 2. 
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Table 2. Defined actions. 

S. No Actions 

1.  Text-to-speech 

2.  Voice-activated navigation 

3.  Real-time captioning 

4.  Adaptive pacing 

5.  Gamified learning 

6.  PL pathways 

7.  Augmented reality 

8.  Speech-to-text 
 

3.2. Q-table initialization 

A Q-table is created with dimensions equal to the number of states × number of actions. It is 

initialized with random values in the range [0, 1]. Each value in the Q-table represents the "quality" (or 

expected cumulative reward) of performing a specific action in a specific state. 

Reward matrix (r) 

A reward matrix is created, where each state is associated with a list of rewards for all possible 

actions. We have assigned the rewards to state–action pairs as outlined in Table 3. For example, the 

reward for using "text-to-speech" for "cognitive impairment: low engagement" might be higher than 

for "augmented reality". Rewards quantify the impact of applying a specific action in each state. The 

design of the reward function ensures that the system encourages strategies that lead to improved 

engagement and learning performance. 

Table 3. Reward assignments for states and actions. 

State Action Reward  

Cognitive impairment: low engagement Text-to-speech +5 

Cognitive impairment: low engagement Adaptive pacing +7 

Cognitive impairment: high engagement Gamified learning +8 

Cognitive impairment: high engagement PL pathways +9 

Visual impairment: low engagement Voice-activated navigation +6 

Visual impairment: low engagement Augmented reality +8 

Visual impairment: high engagement Text-to-speech +9 

Visual impairment: high engagement Adaptive pacing +7 

Hearing impairment: low engagement Real-time captioning +7 

Hearing impairment: low engagement Speech-to-text +6 

Hearing impairment: high engagement Gamified learning +9 

Hearing impairment: high engagement PL pathways +8 

Motor impairment: low engagement Voice-activated navigation +8 

Motor impairment: low engagement Adaptive pacing +7 

Motor impairment: high engagement Augmented reality +9 

Motor impairment: high engagement PL pathways +8 

General disabilities: task completion rate: slow Adaptive pacing +6 

General disabilities: task completion rate: slow Gamified learning +7 

General disabilities: task completion rate: fast PL pathways +9 

General disabilities: task completion rate: fast Augmented reality +8 
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3.2.1. Q-learning parameters 

Learning rate (α): Controls how much new information overrides old knowledge. A value of 0.1 

allows gradual updates. We have selected this value to ensure that the values are gradually updated in 

the Q-table, as it prevents the model from overreacting to experiences recently encountered or if there 

is noise in rewards, while maintaining stability in training. Particularly in situations where the rewards 

fluctuate, this learning rate helps in updating the values slowly and enabling the agent to converge 

reliably to an optimal policy over time.  

Discount factor (γ): Balances immediate rewards and long-term benefits. A value of 0.9 gives more 

weight to future rewards. The values also place a strong emphasis on long-term rewards while still 

considering immediate gains. The value encourages the agent to plan and make a decision that helps in 

maximizing cumulative rewards rather than focusing on short-term benefits. It is beneficial in 

situations with delayed consequences and to prioritize a long-term strategy.  

Epsilon (ε): Determines exploration (choosing random actions) vs. exploitation (choosing the 

best-known action). With ε = 0.2, 20% of the time, random actions are taken to explore. 

3.2.2. Q-learning algorithm 

Q-learning is an off-policy, model-free learning approach [34]. Off-policy suggests that it is not 

necessary to adhere to a certain policy; the agent's behaviors could instead be arbitrary, and it will still 

be capable of discovering the best course of action [35,36]. 

RL creates a Q-table for an environment, with dimensions (s x a), where s and a are the number of 

states and actions, respectively. The state-action values in the Q-table determine the likelihood of 

selecting a particular action for each state. The learned value is the key aspect of Q-learning. The sum 

of all the actions in state 𝑠′  is used to determine the estimation of the ideal future value. If there are 

two feasible actions a1 and a2 for a state s, the action with the higher Q-value will be picked. If both 

have identical Q-values, a random action is taken.  

The structural design of Q-learning is depicted in Figure 2. The data structure developed to help 

determine the highest projected future rewards for action at each state is termed the Q-table. In 

essence, this table will show us what to do in each state. Q-learning is used to learn the values in the 

Q-table. Figure 3 is a flow of the Q-learning inspired by a similar flow diagram published in [37]. The 

stages involved in building a Q-table for an agent that must learn to execute, fetch, and sit are 

graphically visualized in Figure 3.  

Environment: The environment represents the learning system that interacts with the agent. It is 

formally defined using a transition function T(s′ ∣ s,a), which determines the probability 

distribution over the next states based on the current state and selected action. It also provides 

reward feedback R(s,a) and updates the state accordingly. 

Agent: Observes the present situation, acts following its policy, and is rewarded for upgrading 

(learning) its policy. 

State: s stands for the state of an agent in an environment at any given time. 

Action: The agent's step when it is in a certain state is called Action a. 

Rewards: The agent will obtain good or poor rewards for each action. 

Episodes: When an agent arrives at a terminating phase and is incompetent to execute any 

additional actions. 

Q-values: Used to evaluate the effectiveness of an Action, a, taken at a specific state, s, 𝑄 𝑠, 𝑎 . 
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Figure 2. Framework of multi-agent Q-learning structure. 

The Bellman equation is employed to evaluate a state and estimate how advantageous it is to 

remain in or adopt that state. The maximum reward will be received by the optimal value in the ideal 

state. The value function is updated by value-based methods using an equation (particularly Bellman 

equation 4). Equation 4 finds the future state of an agent by using the present state and the reward 

connected to that state, the maximum anticipated reward, and a discount rate that evaluates its 

significance to the current state. The learning rate controls how rapidly or slowly the model will pick 

up new information. 

𝑄 𝑠, 𝑎 =  𝑄 𝑠, 𝑎 +  𝛼  𝑅  𝑠, 𝑎  +  𝛾 𝑚𝑎𝑥 𝑄′  𝑠′ , 𝑎′ −  𝑄 𝑠, 𝑎                  (1) 

 

Where 𝑄 𝑠, 𝑎  on the left side shows the new Q-value, and 𝑄 𝑠, 𝑎  on the right side represents the 

current Q-value, 𝛼 shows the learning rate, 𝑅  𝑠, 𝑎  shows the reward value, 𝛾 is the discount rate, 

and 𝑚𝑎𝑥 𝑄′  𝑠′ , 𝑎′  is the maximum expected future reward. Algorithm 1 demonstrates the detailed 

implementation of the proposed work. The algorithm adaptively recommends learning strategies based 

on a student's cognitive ability, engagement level, and skill proficiency. It initializes a Q-table, updates 

action-value estimates through exploration and exploitation, and determines the best intervention 

based on learned experience. The reward matrix given in Table 3 is synthetically defined for 

simulation purposes and represents heuristic estimates of relative pedagogical effectiveness rather than 

real-world measured values. It does not reflect empirically validated educational outcomes. In 
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practical settings, reward values should be derived from expert evaluation and/or empirical learner 

interaction data to ensure pedagogical validity. 

 

 

Figure 3. Processing of Q-learning algorithm. 

Algorithm 1: Q-learning-based adaptive learning strategy for students with disabilities 

 BEGIN 

   DEFINE states as a list of cognitive abilities, engagement levels, skill levels, etc. 

   DEFINE actions as a list of possible interventions 

   INITIALIZE Q-table with zeros of size (number of states × number of actions) 

     SET learning_rate = 0.1, discount_factor = 0.9, epsilon = 0.2, episodes = 1000 

   INITIALIZE reward matrix based on predefined heuristic estimates (Table 3) 

  

   FOR each episode DO 

     SET state TO random state 

     WHILE true DO 

       IF random < epsilon THEN 

         SELECT action randomly (exploration) 

       ELSE 

         SELECT action with max Q-value (exploitation) 

       END IF 

       SET next_state TO a T(state, action) 

       SET reward TO rewards[state][action] 
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         UPDATE Q-value using formula: 

           𝑄 𝑠, 𝑎 =  𝑄 𝑠, 𝑎 +  𝛼  𝑅  𝑠, 𝑎  +  𝛾 𝑚𝑎𝑥 𝑄′  𝑠 ′ , 𝑎′ −  𝑄 𝑠, 𝑎  

       SET state TO next_state 

       IF random < 0.1 THEN 

         BREAK LOOP 

       END IF 

     END WHILE 

   END FOR 

 PRINT ―Learned Q-table‖ 

 PRINT Q-table 

  

 DEFINE decide_action(state_index) 

   RETURN action with max Q-value 

 END FUNCTION 

  

 DEFINE T(state, action) 

   DEFINE probability distribution P(s′ | state, action) 

   IF action improves engagement THEN 

     ASSIGN higher probability to higher engagement state 

   ELSE 

     ASSIGN higher probability to same or nearby states 

 END IF 

 SAMPLE next_state from P(s′ | state, action) 

 RETURN next_state 

 END Function 

  

 SET recommended_action = decide_action (0) 

 PRINT recommended_action 

 END 

 

4. Results and discussion 

The learned Q-table represents the outcome of applying the Q-learning algorithm to optimize PL 

strategies for students with disabilities. Values in the Q-table denote the future value of rewards 

associated with each state–action, with greater values implying actions that are more successful for 

that particular state. Moreover, each state in the Q-table refers to a particular state, which denotes 

categories of students with regard to their disability and involvement in studies. Every column in each 

row refers to a particular action in that particular state, whose value is denoted by the Q-value. 

Table 2 analysis reveals the most effective interventions for various student profiles. For visual 

impairment with low engagement, augmented reality (Action 4, Q-value: 483.82) and text-to-speech 

(Action 1, Q-value: 481.84) are highly effective. For cognitive impairment with high engagement, 

Action 7 (Q-value: 488.08) and Actions 2 and 8 show strong results. In cases of learning disability with 

moderate engagement, Action 3 (Q-value: 485.90) is the top performer. For physical disability with 

moderate engagement, Action 8 (Q-value: 487.24) is most beneficial. Students with hearing 

impairment and high engagement respond best to Action 3 (Q-value: 485.16). For autism spectrum 

disorder with high engagement, Action 3 (Q-value: 487.97) is highly effective. Visual impairment 

with high engagement benefits most from Action 3 (Q-value: 486.74). For multiple disabilities with 
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low engagement, Action 1 (Q-value: 487.28) is the best choice. Students with dyslexia and moderate 

engagement respond well to Action 4 (Q-value: 483.18). Lastly, for speech impairment with low 

engagement, Action 4 (Q-value: 485.85) and Actions 6 and 8 are highly effective. These findings 

highlight the importance of personalized interventions, such as augmented reality, text-to-speech, and 

interactive tools, to improve engagement for students with diverse disabilities. 

Table 4 shows that different actions are effective in different situations. The action with the highest 

Q-value is recommended. In the state (visual impairment: low engagement), the action (augmented 

reality) had the highest Q-value of 483.56. For example, augmented reality, along with other 

immersive technologies, is useful for addressing the requirement of visually impaired learners with 

low engagement. Similar is the case with (hearing impairment: low engagement), where the maximum 

Q value was recorded as 487.52, again by (augmented reality). Thus, it is evident that augmented 

reality is very useful in terms of engaging learners with hearing impairment. In the case of the state 

(motor impairment: low engagement), the action (personalized exercises) had the maximum Q value 

of 485.40. Thus, it clearly emphasizes the need for personalization of the interventions offered to the 

learners suffering from motor impairment. The state (general disability: low engagement) had a Q 

value of 487.11 for the action (interactive videos). 

Table 4. Generated rewards value across 1000 episodes. 

Action state Action 1 Action 2 Action 3 Action 4 Action 5 Action 6 Action 7 Action 8 

Visual impairment: 

low engagement 

481.84 477.68 478.77 483.82 476.84 477.16 474.08 480.25 

Cognitive impairment: 

high engagement 

484.45 481.96 477.87 479.97 478.01 482.07 488.08 485.12 

Learning disability: 

moderate engagement 

475.95 480.09 485.90 481.30 478.65 479.14 476.31 477.61 

Physical disability: 

moderate engagement 

483.20 486.07 478.71 482.08 479.82 481.39 483.68 487.24 

Hearing impairment: 

high engagement 

480.92 479.31 478.69 485.16 484.70 481.55 479.63 481.69 

Autism spectrum 

disorder: high 

engagement 

486.01 484.43 487.97 482.44 485.33 486.11 486.67 486.28 

Visual impairment: 

high engagement 

479.38 482.65 486.74 483.09 481.79 484.66 479.12 480.23 

Multiple disabilities: 

low engagement 

487.28 483.41 479.94 485.68 484.76 482.64 485.94 486.14 

Dyslexia: moderate 

engagement 

476.29 479.74 477.56 483.18 478.68 480.99 476.60 477.51 

Speech impairment: 

low engagement 

481.17 480.42 478.47 485.85 484.11 487.66 481.22 485.61 

 

The efficiency of actions improved along with increased engagement. "Interactive videos" 

obtained a Q-value of 485.64 on "visual impairment: medium engagement" state. This means that 
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interactive videos may sustain user interest. "Augmented reality" continued being the most efficient 

action for "hearing impairment: medium engagement" with the Q-value equaling 487.82. In addition, 

interactive videos were considered the best option for "motor impairment: medium engagement" 

because they provided a Q-value of 486.73. Finally, when "general disability" and "medium 

engagement" conditions were observed, "augmented reality" turned out to be the best action to 

perform; its Q-value amounted to 486.89. 

It should be noted that "interactive exercises" proved efficient for the "visual impairment" state by 

providing a Q-value of 482.52, while "interactive videos" was the optimal action on "hearing 

impairment" (Q-value of 487.46). The learned Q-table (refer to Table 5) revealed that "augmented 

reality" could serve as an optimal choice in many cases, because the highest Q-values were associated 

with this type of action in a number of states. For instance, in the "visual impairment: low engagement" 

state, the Q-value was 483.5612. For "hearing impairment: low engagement‖, it also got the highest 

Q-value of 487.5216, which shows that it can provide hearing-impaired learners with immersive and 

rewarding experiences. 

Table 5. Q-value obtained in the process of using different learning methods, considering 

the type of disability, to analyze the effectiveness of the proposed method. 

Visual impairment: low 

engagement 

Augmented 

reality 

483.5612 The Q-value indicates that using augmented reality leads to 

the highest reward for engaging learners with visual 

impairments and low engagement. 

Hearing impairment: low 

engagement 

Augmented 

reality 

487.5216 Augmented reality provides the best outcome for engaging 

learners with hearing impairments. 

Motor impairment: low 

engagement 

Personalized 

exercises 

485.4032 Personalized exercises maximize engagement for learners with 

motor impairments. 

General disability: low 

engagement 

Interactive 

videos 

487.1054 Interactive videos achieve the highest Q-value, making them 

the most effective action for general disabilities and low 

engagement. 

Visual impairment: medium 

engagement 

Interactive 

videos 

485.6444 For medium engagement, interactive videos work best to 

improve engagement for learners with visual impairments. 

Hearing impairment: medium 

engagement 

Augmented 

reality 

487.8207 Augmented reality remains the optimal action for 

hearing-impaired learners with medium engagement. 

Motor impairment: medium 

engagement 

Interactive 

videos 

486.7315 Interactive videos provide the best reinforcement for 

motor-impaired learners with medium engagement. 

General disability: medium 

engagement 

Augmented 

reality 

486.8939 Augmented reality proves most effective for general 

disabilities with medium engagement. 

 

However, one should note that the results presented in Tables 4 and 5 are not only about ranking 

the actions in terms of their performance; they represent an illustration of how the Q-learning model 

chooses different behaviors according to specific conditions. Contrary to what might be expected, 

these findings prove that each approach can be highly beneficial in certain situations, depending on the 

kind of disability as well as on the level of engagement. When there are significant differences between 

Q-values, it means that the preference is obvious; in other situations, when differences are slight, 

several approaches can be used simultaneously. This analysis reveals that some strategies are more 
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efficient regardless of certain conditions, whereas others can depend on them. Therefore, it proves that 

the proposed approach provides opportunities for flexible policy creation. 

The results in Figures 5–8 prove that the learning process of the Q-learning model is characterized 

by stable policy convergence throughout the training sessions. The data demonstrate how the 

cumulative reward and Q-value variance increase steadily during training iterations. Moreover, the 

effect of various learning rates shows that the model achieves stability at a moderately fast rate. 

 

Figure 4. Heatmap visualization of the Q-values. 

Figure 4 depicts the expected rewards (Q-values) for different actions in various states, 

personalized to students with disabilities. Each row represents a state based on disability type, 

engagement level, and task completion rate, while columns represent possible actions like adjusting 

difficulty or changing content format. Higher Q-values show more efficient actions for specific states, 

such as highly engaged students with visual impairments responding well to certain strategies. Lower 

Q-values suggest less efficient actions, such as for students with low engagement. 
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Figure 5. Cumulative rewards for each state–action over 100 episodes using various LR = 

0.05, 0.1, 0.2, 0.5. 

Figure 5 represents the cumulative rewards for each state–action pair over 100 episodes using 

various learning rate (LR) values, such as LR = 0.05, 0.1, 0.2, and 0.5. The results show that the 

Q-learning model successfully learned the optimal actions for various states, with a high success rate 

and a generally stable policy after several iterations. However, the number of changes in policy for 

different states reflects the varying levels of complexity in learning the optimal action for each state. 

 

 

Figure 6. Mean Q-values over episodes. 

 

 

Figure 7. Variance of Q-values over episodes. 

 

Figure 6 shows the average expected cumulative rewards (Q-values) of an RL agent over 100 

training episodes for different learning rates (LR) (LR = 0.05, 0.1, 0.2, 0.5). The x-axis (episodes) 

shows how far along the training has come, and the y-axis (mean Q-value) shows how well the agent is 

doing. Higher Q-values mean that strategies have been learned better. If LR = 0.5, then high learning is 

expected; however, it can be quite unstable. In contrast to the high LR, low LR = 0.05 represents a 
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gradual growth of Q-values. In addition, moderate LR values such as 0.1 or 0.2 provide good results 

when it comes to the learning process. Thus, moderate LR rates should be considered optimal since 

they balance speed and stability and make the learning process possible. In this case, it may be 

assumed that moderate LR helps to retain the interest of the disabled students since exploration and 

exploitation become balanced. 

Figure 7 shows different variances of Q-values (the reward gained) depending on the rate used 

(0.05, 0.1, 0.2, 0.5) throughout the training process. Episodes represent the training process, while 

variance illustrates changes in Q-values. High rates (LR = 0.5) provide high variance of Q-values, 

which means an instability of the system due to the very fast growth of Q-values. Low rates (LR = 

0.05), in turn, provide less variance in Q-values. Moderate learning rates (0.1, 0.2) illustrate that 

balance can be obtained without much variability. 

Figure 8 shows the level of Q-value stability with respect to time. The x-axis in both graphs 

indicates the number of episodes or training iterations. High values for cumulative rewards indicate 

that the agent is performing well, while Q-value stability represents how consistently the agent learns 

and applies its policies. Learning is effective, and the policies improve consistently when cumulative 

rewards increase continuously while Q-value stability increases. Stability variations, including spikes 

and dips, may indicate the exploration phase or instability due to the high LR value. Consistent, high 

levels of reward received by disabled students due to their adaptive strategy help ensure reliability in 

the learning process. 

 

Figure 8. Cumulative rewards per episode and Q-value stability over time. 

Figure 9 below depicts the expected reward values (Q-values) for each state and action obtained 

through 1000 iterations for disabled learners. A Q-table is used to illustrate the rewards obtained using 

a heatmap. The rows correspond to states determined by the type of disability, engagement, and 

completion of tasks. Actions refer to changes in tasks, like making them more difficult or changing the 

content form. High Q-values such as 486.49 suggest that actions are effective in certain scenarios. For 

instance, highly engaged visually impaired students may be motivated using particular approaches. On 

the other hand, low Q-values such as 474.92 imply that particular actions are unlikely to work since the 

learners are not enthusiastic about learning.  
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Figure 9. Heatmap visualizing the expected rewards based on Q-values. 

 

 

Figure 10. Average and training total reward per episode. 

Figure 10 depicts that an RL agent receives a certain amount of reward on average in each of its 

training sessions. The x-axis indicates the number of training sessions (episodes), and the y-axis shows 

the amount of total reward received in each session. A positive slope indicates the improvement in the 
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agent's strategy, and variations depict the tradeoff between exploring and exploiting actions based on 

their rewards. The graph shows how things like augmented reality or text-to-speech (which can be 

found by looking at Q-values) can make learning more interesting for students with disabilities. Higher 

rewards are linked to better actions. Rewards that stay the same over time show that the proposed RL 

model's adaptive learning strategies are stable, which is important for inclusive education. 

 

  

Figure 11. Action selection distribution. 

 

 
Figure 12. Best action for each state. 

 

Figure 11 shows the probability distribution of action selection across different states. Optimal 

action selection for each state is depicted in Figure 12, while reward distribution across all state-action 

pairs can be seen in Figure 13. In RL, the reward distribution over all state-action pairs is computed to 

characterize how rewards are assigned to actions taken in different states. 

 

 

Figure 13. Reward distribution for all 

state–actions pairs. 

 

Figure 14. Mean and variance of cumulative 

rewards for different LRs. 

 

Figure 14 shows the average performance (mean) and variability (standard deviation) of 

cumulative rewards over 1000 episodes for various LRs. The x-axis (episodes) shows training 

progression, while the y-axis (cumulative rewards, 4000–4800) reflects the agent’s success. Higher LR 

(e.g., 0.5) likely shows greater variability (wider shaded areas) due to aggressive updates, while lower 

rates (e.g., 0.001) exhibit slower reward growth but steadier performance. A moderate rate (e.g., 0.1) 

balances speed and stability when optimizing LR for adaptive strategies. This figure validates how PL 

rates improve reliability in personalized education for students with disabilities, to validate consistent 

outcomes without overfitting. 
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The performance of the RL model throughout 1000 episodes is indicated in Figure 15 in terms of 

the success rate. In this graph, the number of episodes is placed on the x-axis, while the rolling success 

rate (4000–4800) is on the y-axis. Each line corresponds to the learning rates of 0.1, 0.5, 0.005, and 

0.001. Meanwhile, the shading represents the standard deviation, which reflects how successful the 

model becomes. The smaller the standard deviation, the better the performance is. 

As seen from the figure, the learning rate of 0.1 performs consistently at a relatively high success 

rate. Meanwhile, 0.5 produces fluctuating success rates. On the other hand, learning rates of 0.005 and 

0.001 require a considerably longer time to improve the success rate, suggesting their inefficient use. 

Therefore, a learning rate of 0.1 achieves the most optimal results. 

 

Figure 15. Rolling success rate over time with 

mean ± std dev for different learning rates (0.1, 

0.5, 0.005, 0.001). 

 

 

Figure 16. Cumulative rewards per episode 

with mean ± std dev. 

 

Figure 16 provides the results of reinforcement learning by running different episodes, where the 

reward is summed up under different learning rates (0.1, 0.5, 0.005, and 0.001). Actual data represent 

the real value of rewards, while smoothed data provide the trend of performance. The shaded areas 

represent the degree of variance in performance; thus, the smaller the shaded area, the higher the 

consistency. A learning rate of 0.1 provides consistent performance with high rewards, making it 

suitable as an equilibrium point for the learning rate. A learning rate of 0.5 performs better than other 

learning rates with regard to fluctuations in performance. Learning rates below 0.01 perform poorly 

compared to others, meaning that their contribution toward reinforcement learning is insignificant. 

Figure 17 displays the findings for the following LR values: 0.001, 0.005, 0.1, and 0.5. When LR is 

set to 0.001, learning will be stable but very slow. When LR is set to 0.005, learning becomes slightly 

faster but is still controlled. An ideal value for LR would be 0.1, as it allows learning to progress 

swiftly and smoothly. On the other hand, an LR that is too high, such as 0.5, might expedite learning 

but may result in overly divergent policy updates. It may also cause instability during learning. 
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Figure 17. Variance of rewards by states and 

learning rates. 

 

 

Figure 18. Mean rewards by state and LR. 

 

LRs for RL are presented in Figure 18 (0.001, 0.005, 0.1, 0.5). Learning rate plays an essential role 

in improving the performance of the RL model. Low values of LRs (0.001, 0.005), although stable, 

may lead to slower learning. On the other hand, high LRs (for example, 0.5) allow learning much 

faster, although they may be unstable. Although the high learning rate can speed up learning, it can 

also lead to instability or overshooting, since many of the things known by the agent are being 

changed. Medium values of LRs (for instance, 0.1) seem to be optimal, as they facilitate quick 

learning. 

 

Figure 19. Exploration vs. exploitation over time for different learning rates. 
 

As illustrated in Figure 19, the RL model maintains an appropriate balance between exploration 

and exploitation in 1000 episodes. The vertical axis depicts either the amount of exploration or 

exploitation, while the horizontal axis represents the number of episodes. There are several trends 

regarding exploration and exploitation, and there are various LRs (0.1, 0.5, 0.005, and 0.001). If the 

learning rate is equal to 0.1, the shift from exploration to exploitation is smooth, indicating proper 

learning. If the learning rate is equal to 0.5, it may quickly jump to exploitation, implying that it misses 

out on optimal actions since there was not enough exploration. For LRs of 0.005 and 0.001, 

exploration will be more favored, meaning that it would take longer to achieve exploitation. Both 
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phases work well with a moderate learning rate (like 0.1), but extreme rates (like 0.5 or 0.001) can lead 

to bad behavior, like exploiting too soon or exploring for too long. Overall, the experimental results 

demonstrate that the proposed reinforcement learning framework successfully learns adaptive 

intervention policies that stabilize over time and effectively personalize learning strategies based on 

disability type and engagement level. 

Table 6. Comparative analysis of the proposed reinforcement learning approach with 

baseline methods in terms of adaptivity, personalization, performance, and stability. 

Method Adaptivity Personalization Performance Stability Key limitation 

Rule-based approach Low Low Low High Fixed rules 

Static recommendation None Low Low Very high No adaptation 

Supervised learning Medium Medium Medium Medium Limited flexibility 

Proposed RL method High High High High Training required 

 

To evaluate the efficiency of the proposed technique more effectively, a comparison is made 

between it and a few other existing techniques in Table 6. The results show that the rule-based 

technique, along with other static techniques, faces restrictions because of being constrained within its 

methodology and lacking the ability to adapt according to the different requirements and engagement 

levels of the learners. Although supervised learning techniques are relatively better compared to these 

techniques due to partial personalization features, they lack the capability of adapting themselves once 

they have been trained. This allows it to provide more flexible and relevant interventions for different 

situations. Overall, the comparison highlights that the main advantage of the proposed approach is its 

ability to adapt over time, making it more suitable for supporting diverse learners in inclusive 

educational settings. 

5. Conclusions 

Each learner has a unique set of skills, knowledge, and learning capacities that they bring to the 

learning process. Adaptive e-learning platforms seek to match learners with the best courses possible 

depending on their knowledge and abilities. E-learning platforms for online learning have become 

necessary to the educational process. Institutions and academics hunt for fresh, ideal techniques and 

strategies that might enhance PL strategies for students with disabilities. The integration of technology 

in education has opened new avenues for PL, especially for students with disabilities. In this study, we 

propose PLS-SD using Q-learning. We address various disability types, such as visual, cognitive, 

motor, and hearing impairments, to recommend PL actions like augmented reality, audio instructions, 

and text-based resources. In essence, a reward scheme that focuses on practical achievements in terms 

of engagement and task-completion ratios facilitates learning. Technically, the learning process in the 

model shows stability during training sessions, and better convergence is seen at a moderate learning 

rate, such as LR = 0.1. It was also noted that the choice of a learning rate affects performance: a high 

learning rate creates variability, while a low learning rate slows down convergence. In addition, it was 

observed that the policy reaches its peak after enough number of episodes, demonstrating the efficacy 

of Q-learning in recognizing a consistent preference for action across various disability-engagement 

states. In conclusion, "augmented reality" proved to be a consistent winner among actions for a 

majority of states, especially when it came to hearing disabilities and general disabilities. However, 
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"interactive videos" also worked very well, thus proving the versatility of this type of strategy in terms 

of ensuring medium-to-high levels of engagement. "Personalized exercises" were quite successful in 

the case of motor impairments. These results highlight that the use of targeted approaches is needed for 

addressing particular types of disabilities. The efficiency of the proposed model is evaluated through 

the analysis of success rate, cumulative rewards, and stability of the policy in order to estimate whether 

this model is capable of supporting not only particular but also general types of disabilities. Despite the 

positive results, there are some limitations. The results of our experiment were achieved within a 

simulation setting, where reward values and state transitions are assumed and not based on actual 

students' behavior. As such, the model can be regarded as a prototype and not an educational strategy 

to be put into practice. In future studies, we hope to confirm the viability of this model based on actual 

student interaction data. Moreover, we hope to improve the reward function by receiving expert 

feedback and conducting pilot experiments. 
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recommend personalized course content. 
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