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Abstract: Reinforcement Learning (RL) is a successful and established Artificial Intelligence (AI) method, particularly 

with recent groundbreaking progress in Deep Reinforcement Learning (DRL). Reinforcement learning is very well suited 

for sequential decision-making tasks, wherein a learned agent learns an optimal policy after many interactions with an 

environment. The present paper examines the application of reinforcement learning for automating screening of literature 

in academic research, particularly in the fields of computer science and e-learning. Keyword filtering techniques, while 

predominantly applied, are found to be inflexible as well as unable to capture the dynamic nature of research themes. To 

overcome such constraints, we present a Deep Q-Network (DQN)-based reinforcement learning model that combines 

reinforcement learning with the Semantic Scholar API to enhance research paper classification based on dynamically 

acquired decision rules. The proposed reinforcement learning model was trained and tested with a dataset of 8,934 

research papers, accessed by systematic searching. The agent filtered and picked 11 effective papers depending on 

improved selection criteria like publication date, keyword relevance, and scholarly topic provided. The model iteratively 

optimizes the decision-making process through reward-based learning and therefore maximizes categorization accuracy 

over time. Test experiments demonstrate utilization of RL-based suggested framework yields classification accuracy at 

91.5%, recall at 86.3%, and precision at 89.7%. A comparison test demonstrates that the approach performs 12.5% better 

on recall and 9.8% better on accuracy compared to traditional keyword-filtering methods. The finding confirms the power 

of the model in minimizing false positives and false negatives for screening literature, hence proving the scalability and 

adaptability of reinforcement learning in managing high academic data. This work offers a scalable, cognitive approach 

to conducting systematic reviews of literature through the application of reinforcement learning to programmatically 

execute work in academic research. The work shows the promise of reinforcement learning to further enhance research 

methodology, make literature reviews more effective, and facilitate more knowledgeable decision-making in fast-

changing scientific disciplines. Further research will be focused on incorporating hybrid AI models with multi-agent 

systems of reinforcement learning for responsiveness and classification enhancements. 

 

Index Terms: Reinforcement Learning, e-Learning, Prisma, API, Python, Classification. 

 

 

1.  Introduction 

Classification techniques are a cornerstone of Artificial Intelligence (AI), playing a critical role in enabling machines 
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to analyze data and make informed decisions or predictions. Accurate data classification underpins the efficacy of AI 

applications such as speech recognition, image analysis, natural language processing, and automated decision-making [1]. 

In the context of this research, we explore the integration of classification methods with Reinforcement Learning (RL) to 

automate the literature screening process. This approach addresses the burgeoning volume of research papers, particularly 

within e-learning and university-related studies in the field of Computer Science, by enhancing the efficiency and 

accuracy of literature classification. AI encompasses various methods designed to emulate human intelligence, from 

visual perception to speech recognition and strategic decision-making [2]. One of the most significant subfields of AI is 

machine learning, which focuses on developing algorithms that improve performance over time by learning from data. 

Within machine learning, classification techniques are essential, as they help in organizing data into predefined categories. 

The overarching goal is to enable machines to make precise, data-driven predictions and decisions [3]. 

This research emphasizes the use of RL, a machine learning paradigm that has shown great promise for tasks 

requiring dynamic and iterative decision-making [4]. Reinforcement Learning stands out in AI as a method where an 

agent learns to make sequential decisions by interacting with an environment and maximizing cumulative rewards. Unlike 

traditional supervised or unsupervised learning, RL is inherently suited for tasks involving exploration, feedback-based 

optimization, and continuous learning [5]. In the domain of automated literature screening, these features of RL are highly 

advantageous. The agent can adaptively refine the selection of relevant research papers, making it particularly suitable 

for academic fields that generate extensive literature, such as e-learning and university research. The necessity for 

automated literature screening in academic research has become more pronounced as the volume of published studies 

continues to grow exponentially.  

Traditional keyword-based and rule-based models are often inadequate for handling this scale and complexity, 

leading to inefficiencies and potential oversights [6]. Rule-based methods, for instance, rely heavily on predefined rules 

and expert knowledge, which can be restrictive and time-consuming to develop [7]. In contrast, machine learning-based 

approaches, including supervised and unsupervised learning, offer data-driven solutions but lack the adaptability and real-

time learning capabilities required for dynamic academic databases [8]. Deep learning, a subset of machine learning 

inspired by the structure and functionality of the human brain, has also been extensively used for complex classification 

tasks. It employs multi-layered neural networks to process and extract features from large datasets, excelling in 

applications like image and speech recognition [9]. However, deep learning methods require substantial computational 

resources and often fail to adapt efficiently to tasks like literature screening, where the environment and requirements can 

evolve over time. This limitation underscores the potential of RL in automating literature classification. RL’s capacity to 

learn from feedback, optimize decision-making processes, and improve performance iteratively aligns well with the 

demands of academic literature screening [10]. 

To provide a comprehensive understanding of the field, this paper also discusses the broader AI landscape, 

categorizing techniques into rule-based, machine learning-based, and hybrid methods. Rule-based approaches, although 

precise, are limited by their static nature and the intensive domain expertise required [6]. Machine learning-based methods, 

including reinforcement, supervised, and unsupervised learning, are more adaptable but still face challenges in dynamic 

environments. Hybrid methods, which combine various AI approaches, offer a way to leverage the strengths of each 

method to tackle complex problems efficiently [7, 8]. By focusing on RL, this study contributes to the ongoing effort to 

optimize AI techniques for real-world applications, emphasizing the potential of RL to transform the landscape of 

academic research classification. 

2.  Related Works 

The study by the author in [11] systematically reviews literature on explainable recommendation systems within 

education, particularly focusing on their integration into learning management systems (LMS) from 2010 to 2022. This 

period is crucial due to the rapid development of online learning platforms. The research emphasizes algorithms that 

provide explainable and interpretable results. An NLP-powered toolkit, following the PRISMA methodology, automates 

much of the review by analyzing articles from IEEE Xplore, PubMed, Springer, Elsevier, and MDPI. The review includes 

a quantitative assessment of available research, followed by a qualitative analysis of selected studies that emphasize 

explainability in educational contexts. The studies are compared based on their application fields, tools, techniques, and 

approaches to achieving explainability. Results reveal that, despite the fast-paced development of LMS and the increasing 

body of research, explainability remains underexplored. The limited literature in this area highlights a research gap, 

though interest is expected to grow with the broader adoption of explainable AI (xAI) as a key practical AI strategy. 

The study described in [12] presents an automated machine-learning approach for title and abstract screening within 

systematic reviews, specifically for complex interventions targeting the primary prevention of cardiovascular diseases. 

The aim was to create a high-performing classifier that matches the efficiency of human reviewers. The methodology 

involved a three-phase process: labeling 16,611 articles, developing machine-learning classifiers based on these labels, 

and assessing their performance. Five deep-learning models were tested: parallel CNN, stacked CNN, parallel-stacked 

CNN, RNN, and CNN–RNN. Performance was measured in terms of recall, precision, and workload reduction, with a 

goal of achieving no less than 95% recall. Results showed that out of 16,611 articles, only 4.0% were deemed relevant. 

Recall rates varied from 51.9% to 96.6%, and precision ranged from 64.6% to 99.1%, with workload reduction between 

8.9% and 92.1%. The parallel CNN model stood out, achieving 96.4% recall, 99.1% precision, and reducing the screening 
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workload by 89.9%. The study acknowledges limitations, such as only using title and abstract text, and suggests that 

future research should explore the inclusion of full-text features and applicability to other systematic review topics. 

Despite these constraints, the research highlights the potential of machine learning to streamline the labor-intensive 

process of systematic reviews, emphasizing the need for continued enhancements and integration into review workflows. 

Author in [13] developed an innovative tool to support researchers in conducting systematic reviews and meta-

analyses with enhanced efficiency and transparency. Recognizing the labor-intensive and error-prone nature of traditional 

screening methods, where thousands of studies must be manually reviewed to identify relevant work amidst highly 

imbalanced data, they emphasized the need for improvement. Given that only a fraction of screened studies are typically 

relevant, the process is inefficient. To address this challenge, they proposed the use of machine learning algorithms, 

highlighting the need for tools capable of managing the vast volume of scientific literature available today. The study 

introduced ASReview, an open-source machine learning-aided pipeline utilizing active learning techniques. Simulation 

studies demonstrated that active learning could significantly increase review efficiency while maintaining high-quality 

outcomes compared to manual screening. The tool’s features are designed to streamline systematic reviewing, offering 

an open-source and user-friendly platform. The authors also reported on user experience tests, which confirmed the tool's 

potential to transform the reviewing workflow. They invited the academic community to contribute to and further develop 

open-source projects like ASReview, aiming to achieve measurable and reproducible improvements in systematic review 

practices. 

3.  Theoretical Background of Reinforcement Learning 

Reinforcement Learning (RL) is a key part of machine learning and has developed significantly over the years, 

becoming essential in artificial intelligence (AI) [14]. The basic idea of RL is learning from trial and error, similar to how 

humans learn from experience. In 1959, Arthur Samuel created one of the first RL algorithms for playing checkers [15]. 

This early work used a simple value function to make decisions, showing that machines could improve from past 

experiences, which was a breakthrough in machine learning [16]. Samuel's checker program laid the groundwork for 

future progress. A major step forward happened in 1988 when Richard Sutton introduced the Temporal Difference (TD) 

learning algorithm [17]. Sutton's approach combined aspects of Monte Carlo methods and dynamic programming to find 

the best strategies. This method was both theoretically strong and useful, leading to more research in RL.  

In the early 1990s, Q-learning was developed by Watkins in 1992 [18]. This model-free algorithm became very 

important since it could learn the best action strategies without needing a model of the environment. Around this time, 

the Sarsa algorithm by Rummery in 1994 became another key tool, adding to the set of RL methods. During the late 

1990s, several major contributions emerged. Bersekas developed neural dynamic programming for better control in 

complex environments, and Tadepalli and colleagues created H-Learning, a method focusing on reinforcement in 

uncertain situations [19, 20]. These advancements allowed RL to handle more complex problems. In 2006, Kocsis 

introduced the Upper Confidence Bounds for Trees (UCT) algorithm, and Kewis improved feedback control mechanisms 

in 2009, offering strong solutions to common RL problems [21, 22]. The emergence of Deep Reinforcement Learning 

(DRL) changed the field again. In 2014, Silver and colleagues developed the Deterministic Policy Gradient (DPG) 

algorithm for deep policy learning. But the real breakthrough was in 2015 when Google DeepMind introduced the Deep 

Q-Network (DQN), merging deep learning with Q-learning. This combination achieved superhuman performance in Atari 

games, leading to a surge of interest in DRL. In 2016, DeepMind's AlphaGo beat the world Go champion Lee Sedol, 

showcasing RL's ability to solve highly complex tasks [23].  

From 2016 onward, RL applications grew, like using RL to train agents for games such as DOTA 2 and other 

practical uses. Methods like Proximal Policy Optimization (PPO) by Schulman et al. [24} and Soft Actor-Critic (SAC) 

by Haarnoja et al. [25] helped improve RL in continuous environments, making it more efficient and stable. Despite these 

achievements, RL still has challenges before it can be used widely. Issues like inefficiency, high computational costs, and 

difficulty scaling to unpredictable environments remain. Yet, RL’s ability to learn from its environment without needing 

predefined data is a strong advantage.  

This lets RL discover new strategies and optimize actions that traditional methods cannot [26]. RL's potential also 

includes solving non-differentiable optimization problems, like training language models with Reinforcement Learning 

from Human Feedback (RLHF) for better human-like interactions [27]. RL is also being explored to optimize code 

execution and discover new strategies. While RL has excelled in games like Go, Chess, and various Atari games, applying 

it to real-world problems remains a challenge. Recent studies show progress in transferring RL strategies from simulations 

to real-life scenarios and in using RL for tasks that were once handled by supervised learning. These developments 

continue to push the field forward, making RL a critical area of research that could revolutionize many industries, 

including robotics, autonomous vehicles, and natural language processing [28,29,30]. 

3.1.  Markov Decision Process (MDP) 

Markov Decision Processes (MDPs) have been widely used to model and solve sequential decision-making problems 

in stochastic environments [29]. An MDP is defined by a five-tuple (𝒮, 𝒜, 𝒫, ℛ, γ), where: 
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• A 𝒮 is a finite set of states representing all possible situations the agent could encounter. 

• 𝒜 is a finite set of actions available to the agent. 

• 𝒫 is the state transition probability function, with 𝑃(𝑠′|𝑠, 𝑎) representing the probability of moving to state 𝑠′ 
from state 𝑠 after taking action 𝑎 [30]. 

• ℛ is the reward function, where 𝑅(𝑠, 𝑎) specifies the immediate reward received after taking action 𝑎 in state 𝑠 

[31]. 

• 𝛾 is the discount factor, 0 ≤ γ ≤ 1, which determines the importance of future rewards compared to immediate 

ones [32]. 

 

The dynamic process of an MDP begins with the agent in an initial state 𝑠0 ∈ 𝒮. At each time step, the agent selects 

an action 𝑎 ∈ 𝒜, which transitions it to a new state 𝑠′ according to the probability distribution 𝑃(𝑠′|𝑠, 𝑎), and the agent 

receives a reward 𝑅(𝑠, 𝑎). The goal of the agent is to learn an optimal policy 𝜋∗ that maximizes the expected cumulative 

reward, often expressed as: 

 

𝑉π(s) = 𝔼𝜋 [ ∑ γtR(st, at)
∞

t=0 ∣∣
∣ s0 = s ]                                                             (1) 

 

where 𝑉𝜋(𝑠) is the value function representing the expected return when starting from state 𝑠 and following policy 𝜋 [39]. 

Various methods, such as value iteration and policy iteration, are used to solve MDPs and compute optimal policies [33]. 

Despite the mathematical robustness of MDPs, real-world applications often face challenges, such as parameter estimation 

from noisy data and dynamic changes in the environment, which can significantly impact the performance of learned 

policies [34]. 

The robust MDP framework was developed to address these uncertainties, aiming to optimize performance even 

under the worst-case scenarios [35]. Robust methods have been further refined to reduce conservativeness by 

incorporating additional information on parameter distribution [36] or addressing parameter coupling [37]. However, 

accurately quantifying uncertainty remains a challenge, as overly large uncertainty sets can lead to conservative solutions 

[38]. 

3.2.  Bellman Equations 

The Bellman equation is a fundamental concept in dynamic programming, often used to solve optimization problems 

by decomposing them into simpler, more manageable subproblems [40]. It describes the value of a decision problem as 

a recursive function of initial decisions and expected future outcomes [41]. The equation is built on the principle of 

optimality, which states that an optimal policy has the property that, regardless of the initial state and decision, the 

remaining decisions must constitute an optimal policy with regard to the state resulting from the first decision [42]. This 

principle allows complex decision-making processes to be simplified through recursive relations. Mathematically, the 

Bellman equation for a value function 𝑉(𝑠) in a Markov Decision Process (MDP) is given by: 

 

𝑉(𝑠) = max
𝑎

[𝑅(𝑠, 𝑎) + γ ∑ 𝑃(𝑠′|𝑠, 𝑎)𝑉(𝑠′)𝑠′ ]                                                        (2) 

where: 

• 𝑉(𝑠) is the value of state 𝑠, representing the maximum expected cumulative reward that can be achieved starting 

from state 𝑠.  

• 𝑎 is an action taken in state 𝑠.  

• 𝑅(𝑠, 𝑎) is the immediate reward received after taking action 𝑎 in state 𝑠.  

• 𝛾 is the discount factor, 0 ≤ 𝛾 ≤ 1, which determines the importance of future rewards relative to immediate 

rewards [41].  

• 𝑃(𝑠′|𝑠, 𝑎) is the transition probability of moving from state 𝑠 to state 𝑠′ after taking action 𝑎 [42].  

 

The Bellman equation applies to systems that exhibit total or partial ordering and has found applications beyond 

engineering, notably influencing fields like economics. In continuous-time problems, the Bellman equation is related to 

the Hamilton-Jacobi-Bellman (HJB) equation, a key equation in optimal control theory [43-45]. 

3.3.  Value Functions 

Most reinforcement learning algorithms are founded on the estimation of value functions, which quantify the 

desirability of a given state (or state-action pair) by predicting the expected future rewards, or return, associated with that 

state or action. The notion of "desirability" is inherently linked to the potential for future rewards, which in turn depend 

on the agent’s actions. Consequently, value functions are defined with respect to specific policies that govern the agent’s 

behavior [46]. 

Value functions play a crucial role in reinforcement learning by helping the agent make decisions that maximize 

long-term rewards. They provide a mathematical framework for assessing the quality of states and actions, thereby 

guiding the agent’s learning and decision-making processes [47]. 
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3.4.  State-Value Function 

The state-value function, denoted as 𝑉(𝑠), represents the expected cumulative reward an agent can obtain starting 

from state 𝑠 and following a specific policy 𝜋. It is mathematically defined as: 

 

V(s) = 𝔼𝜋 [ ∑ γtR(st, at)
∞

t=0 ∣∣
∣ s0 = s ]                                                                (3) 

 

where: 

• 𝔼𝜋 denotes the expected value under policy 𝜋.  

• 𝛾 is the discount factor, 0 ≤ 𝛾 ≤ 1, which prioritizes immediate rewards over future rewards.  

• 𝑅(𝑠𝑡 , 𝑎𝑡) is the reward received at time step 𝑡 for being in state 𝑠𝑡 and taking action 𝑎𝑡.  

 

The state-value function 𝑉(𝑠) encapsulates the concept of desirability by estimating the long-term potential for 

rewards starting from a particular state [48, 49]. 

3.5.  Action-Value Function 

The action-value function, denoted as 𝑄(𝑠, 𝑎), represents the expected cumulative reward an agent can obtain 

starting from state 𝑠, taking action 𝑎, and then following policy 𝜋. It is expressed as: 

 

𝑄(𝑠, 𝑎) = 𝔼𝜋[∑∞
𝑡=0 𝛾𝑡𝑅(𝑠𝑡 , 𝑎𝑡)|𝑠0 = 𝑠, 𝑎0 = 𝑎]                                                    (4) 

 

The action-value function 𝑄(𝑠, 𝑎) is critical for determining the best action to take in a given state to maximize the 

expected reward. By comparing 𝑄(𝑠, 𝑎) values for different actions, the agent can make more informed decisions about 

which actions will yield the highest future rewards [50]. 

3.6.  Bellman Equations for Value Functions 

Both 𝑉(𝑠) and 𝑄(𝑠, 𝑎) satisfy recursive relations known as Bellman equations. The Bellman equation for the state-

value function 𝑉(𝑠) is: 

 

𝑉(𝑠) = ∑𝑎 𝜋(𝑎|𝑠)[𝑅(𝑠, 𝑎) + 𝛾 ∑𝑠′ 𝑃(𝑠′|𝑠, 𝑎)𝑉(𝑠′)]                                               (5) 

 

Similarly, the Bellman equation for the action-value function 𝑄(𝑠, 𝑎) is: 

 

𝑄(𝑠, 𝑎) = 𝑅(𝑠, 𝑎) + 𝛾 ∑𝑠′ 𝑃(𝑠′|𝑠, 𝑎)max
𝑎′

𝑄(𝑠′, 𝑎′)                                                 (6) 

 

These recursive equations allow the agent to evaluate and update the value functions iteratively, forming the 

foundation for many reinforcement learning algorithms. By leveraging these equations, reinforcement learning methods 

can efficiently learn optimal strategies that maximize the expected cumulative reward [51, 52]. 

4.  Methodology 

We conducted an extensive review of existing research on AI-driven systematic literature reviews, as outlined in the 

Literature Review. Numerous studies have leveraged cutting-edge techniques such as Natural Language Processing (NLP), 

deep learning models, and a variety of innovative AI tools to automate and enhance the literature review process. While 

these methodologies have significantly contributed to the field, there remains an opportunity to introduce novel 

approaches that push the boundaries of AI's potential in systematic reviews. 

To address this gap, we adopted a unique strategy by employing Reinforcement Learning (RL) for automated 

literature screening and classification in the context of e-learning and university research within Computer Science. This 

approach builds on existing AI methods but explores uncharted territory by applying RL to a domain that traditionally 

relies on NLP and deep learning. Our custom RL algorithm, developed in Python, interacts with the Semantic Scholar 

API for data retrieval and analysis, offering an innovative tool for academic research. 

4.1.  Reinforcement Learning Model 

The algorithm used in this study is the Deep Q-Network (DQN) algorithm. DQN is an off-policy, model-free RL 

algorithm that uses a neural network to estimate an approximated optimal action-value function. DQN is chosen due to 

its ability to handle high-dimensional input spaces and its proven effectiveness in classification tasks. 

 

• RL Agent and Action Space: The RL agent operates in an environment where each research paper is treated as 

a state. The agent decides whether to mark the paper as relevant or irrelevant according to predefined criteria. 

The action space therefore includes two possible actions: classifying a paper as relevant or classifying it as 
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irrelevant. 

• Reward Function: The agent is rewarded based on classification accuracy. Correctly classified relevant papers 

yield a reward of +1, misclassified papers incur a penalty of –1, and uncertain cases receive a neutral reward of 

0. The reward function can be expressed as: 

 

𝑅(𝑠, 𝑎) = {

+1, 𝑖𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑
−1, 𝑖𝑓 𝑚𝑖𝑠𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑

0, 𝑖𝑓 𝑢𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛
                                                       (7) 

 

• Training Configuration: The training process involved retrieving 8,934 research papers via the Semantic Scholar 

API. The exploration-exploitation trade-off was maintained by applying the epsilon-greedy policy, enabling the 

RL agent to acquire optimal classification strategies over time. The discount factor (γ) was 0.95, prioritizing 

long-term rewards, and the learning rate was 0.001, supporting stable convergence. The RL agent was trained 

over more than 50,000 episodes to improve classification accuracy and efficiency in filtering literature. 

 

 

Fig.1. Selection process for rl-based academic paper classification 

 

Fig.2. Reinforcement learning performance: accuracy vs. episodes, reward convergence, and confusion matrix 

4.2.  Data Processing and Preprocessing 

The dataset for this study consists of 8,934 research papers collected using the Semantic Scholar API. A series of 

preprocessing and filtering steps was applied to ensure that only relevant papers were used for training the RL model. 

 

• Data Cleaning and Preprocessing: Stop words were removed to eliminate common but uninformative terms 

such as “the,” “is,” and “and.” Tokenization was applied to split research articles into words or phrases for 

improved representation. For consistency, all text was converted to lowercase and punctuation was removed. 
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Term Frequency–Inverse Document Frequency (TF–IDF) was also applied to calculate word importance within 

documents. 

• Filtering and Selection Criteria: To narrow down the dataset, papers were retained only if they contained 

predefined keywords specific to e-learning and computer science. Articles published more than ten years ago 

were removed to maintain relevance, and only those belonging to pertinent academic fields were considered to 

ensure domain specificity. 

• Data Labeling for RL Training: For RL training, each paper was assigned a binary relevance label. Relevant 

papers were marked as relevant and rewarded with +1, non-relevant papers were penalized with –1, and 

uncertain cases were labeled as neutral and did not affect rewards. 

4.3.  Implementation Details 

To ensure reproducibility, this section provides an overview of the RL model architecture, training parameters, and 

software environment used in this study. 

 

• Model and Training Configuration: The RL model was implemented within a DQN framework. The main 

hyperparameters are listed in Table 1. 

Table 1. Training hyperparameters for the RL model 

Parameter Value 

Learning Rate 0.001 

Discount Factor (Gamma) 0.95 

Exploration Rate (Epsilon) 0.1 (decay to 0.01) 

Batch Size 64 

Number of Training Episodes 50,000 

Neural Network Layers 3 (ReLU activation) 

Optimizer Adam 

 

• Software and Libraries: Implementation was performed in Python, using TensorFlow and PyTorch for deep 

learning, OpenAI Gym for RL environment simulation, and Scikit-learn with NLTK for text processing and 

feature extraction. Matplotlib and Seaborn were used to generate visualizations of performance metrics and 

classification outcomes. 

5.  Results 

In this section, we present the outcomes generated by our Reinforcement Learning (RL) agent during the automated 

screening process using the Semantic Scholar API. The RL agent, as instructed, followed our predefined criteria and 

performed the entire screening and selection process autonomously. 

Initially, the RL agent identified a total of 8,934 research papers from Semantic Scholar that matched our search 

keywords and filters. From this pool of papers, it proceeded with an automated screening process to filter out irrelevant 

studies and focus on those most closely aligned with our research objectives. As a result of this thorough screening, the 

RL agent selected 11 papers to be included in our study. 

 

 

Fig.3. Classification by paper publication type 
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The instructions embedded in our code guided the RL agent in this process, ensuring adherence to the defined criteria. 

Among the final 11 papers selected, 9 were published in reputable journals, while 2 were presented at conferences. To 

make the findings more visually interpretable, Figure 3 illustrates the distribution of these papers by publication type. 

Figure 4 displays a chart that organizes the selected papers based on their year of publication. The breakdown of 

publication years shows a clear increase in the number of relevant publications over recent years, indicating growing 

interest and advancements in the field of e-learning and university research. 

 

 

Fig.4. Paper selection by year 

Furthermore, Figure 5 highlights the distribution of papers by their respective publishers. Each of the 11 selected 

papers came from a different publisher, showcasing diversity in the sources contributing to this area of research. 

 

 

Fig.5. Paper selection by publisher 
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These results provide a comprehensive overview of the effectiveness of our RL-based approach in systematically 

identifying and selecting relevant research papers. The use of RL ensured an efficient and unbiased selection process 

while following the defined instructions to meet our research goals. This process not only saves time but also provides 

high-quality and reliable outputs for systematic literature reviews. 

5.1.  Comparison with Baseline Methods 

To compare the performance of the RL-based literature screening approach, we compared its performance against 

two baseline approaches: traditional keyword-based filtering and rule-based classification. The keyword-based approach 

selects papers simply based on the presence of predefined keywords, while the rule-based approach applies manually 

developed logical rules. 

Table 2. Comparison of RL-based classification with baseline methods 

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Keyword-Based Filtering 78.2 81.3 65.4 72.4 

Rule-Based Classification 83.5 84.1 71.2 77.0 

Proposed RL Model 91.5 89.7 86.3 88.0 

 

The experiments indicate that the RL model outperforms both baseline methods on all the evaluation measures. 

Keyword filtering, although simple, has poor recall since it does not match papers that do not contain specified keywords. 

Rule-based classification improves recall but is limited by the strict application of pre-defined rules. The RL model 

dynamically learns classification patterns and does so with improved accuracy and generalization.  

 

 

Fig.6. Performance comparison of RL-based classification against baseline methods 

5.2.  Performance Evaluation 

The RL-based classification was compared with standard performance metrics, including accuracy, precision, recall, 

and F1-score. From the results given in Table 2, it can be seen that the RL model outperforms keyword-based and rule-

based methods in all metrics. The RL model achieved 91.5 percent accuracy, which is far superior to keyword-based 

filtering at 78.2 percent and rule-based classification at 83.5 percent. 89.7 percent accuracy assures that the RL model 

effectively reduces false positives so that classification is more reliable. A 86.3 percent recall also assures that the model 

effectively captures relevant research papers while keeping false negatives to a minimum. 

5.3.  Model Validation and Evaluation 

To ensure the generalizability and robustness of the RL-based literature screening model, cross-validation and 

evaluation techniques were applied. 

 

• Train-Test Splitting: The dataset of 8,934 research articles was divided into training and testing sets in an 80–

20 ratio. The RL model was trained on 80 percent of the data and tested on the remaining 20 percent. This 

ensured that the model learned from a broad sample while being evaluated on unseen data. 

• K-Fold Cross-Validation: To further evaluate model stability, five-fold cross-validation was used. The data was 

divided into five equal subsets, with the model trained on four subsets and tested on the remaining one. This 

process was repeated five times, with each subset serving once as the test set. The averaged results provided a 

reliable performance estimate.
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• Evaluation Metrics: The evaluation included accuracy, precision, recall, and F1-score. Additionally, the Area 

Under the Receiver Operating Characteristic (ROC) curve was calculated to measure classification confidence. 

• Overfitting Prevention: Several techniques were used to prevent overfitting. Early stopping was applied to halt 

training when validation loss stopped improving. Dropout layers were incorporated into the deep Q-network to 

prevent over-reliance on specific patterns. L2 regularization was used to encourage generalization. 

 

These validation strategies guarantee that the RL-based classification model generalizes well to unseen research 

papers and will be effective in real-world literature screening applications. 

6.  Discuss 

The following discussion concerns the implications of using Reinforcement Learning for automatic literature 

screening on its applications to Computer Science classification to enhance e-learning and university research. Various 

uses of reinforcement learning in academic research have also shown its potential for overcoming limitations apparent 

with traditional and even advanced variations of machine learning, in particular for tasks that require dynamic and iterative 

decision-making. The RL methodology let it better explore research publications through the Semantic Scholar API, 

where the results were aligned with the predefined research objectives. 

This approach not only enabled the effective and efficient screening of literature but also presented an innovative 

paradigm in which an academic review could be automated, enabling researchers to cope with the exponential growth of 

literature in areas such as e-learning. The results reveal that RL can improve the quality and relevance of the selected 

studies, underpinning the transformative potential of RL within research workflows. Next, we present discussions for the 

three research questions based upon the studies included from our screening process. 

 

• RQ1: What are the key factors influencing the successful implementation and adoption of emerging e-learning 

technologies in higher education, and how can challenges such as inadequate IT infrastructure and lack of skilled 

manpower be mitigated? 

 

Factors influencing the successful adoption of e-learning technologies include robust IT infrastructure, skilled 

manpower, and administrative support. For example, [53] highlights the challenges faced by university librarians due to 

insufficient infrastructure and leadership, suggesting targeted investment in technology and training programs. Similarly, 

the study by [55] emphasizes the need for tailored e-learning support systems to address the organizational challenges of 

distance education. These findings underscore that a combination of technological, human, and institutional resources is 

vital for the effective implementation of e-learning technologies. 

 

• RQ2: How do social media and cloud-based e-learning platforms enhance the quality and accessibility of 

distance education, particularly in terms of student engagement, satisfaction, and skill development? 

 

Social media and cloud platforms significantly improve the accessibility and engagement in distance education. As 

indicated by [60], platforms like Instagram and Facebook enhance student interaction and engagement, albeit with limited 

educator participation. Furthermore, the work in [62] demonstrates how cloud-based e-learning systems facilitate 

seamless learning experiences, particularly during the COVID-19 pandemic. These studies highlight the potential of such 

technologies to provide scalable and interactive learning environments that cater to diverse educational needs. 

 

• RQ3: What role do e-learning systems play in supporting special-needs students and fostering inclusive 

education, and how can these systems be tailored to address the unique requirements of diverse learners? 

 

E-learning systems are pivotal in fostering inclusivity by supporting students with special needs. According to [61], 

these systems enable active participation in education, although challenges remain in designing universally accessible 

platforms. The study underscores the necessity of assistive technologies and personalized learning tools to accommodate 

diverse learning requirements effectively. This highlights the growing importance of inclusive design principles in e-

learning systems to ensure equitable access for all students. 

These discussions not only validate the efficacy of RL-based screening in addressing these RQs but also reveal the 

potential for future enhancements in both methodology and application. By combining RL with innovative tools and 

domain-specific expertise, the research paves the way for more adaptive and inclusive educational technologies. 

6.1.  Limitations of the RL Approach 

Although the RL-based method improves classification accuracy and efficiency, it faces several challenges. First, its 

reliance on historical training data may limit adaptability to emerging research trends and sudden shifts in academic focus, 

which can reduce recall when screening for recent developments. Second, computational and data requirements are 

significant: large volumes of high-quality labeled data are needed, and training can be resource-intensive. Data imbalance, 

with fewer relevant than irrelevant papers, further complicates stability. 
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Another concern is reward function sensitivity. Because performance depends on how rewards and penalties are 

defined, a poorly shaped function can bias classifications or destabilize learning. Finally, the model remains susceptible 

to classification errors. False positives increase the manual verification workload, while false negatives risk excluding 

valuable research insights. 

6.2.  Directions for Improvement 

Several strategies can help mitigate these limitations. Transfer learning and continual learning could enhance 

adaptability to new research topics. Hybrid approaches combining RL with NLP techniques may improve contextual 

understanding. Refining reward shaping is essential to increase classification accuracy, while active learning strategies 

could allow human feedback to fine-tune decisions over time. 

Future deployment should also address broader challenges, such as privacy and computational costs. Cloud-based 

RL solutions may reduce local resource demands, while federated learning approaches could protect sensitive data during 

training. Additionally, interactive systems that incorporate real-time researcher input would support continual refinement 

of the screening process. Collectively, these improvements can make RL-based screening more robust, efficient, and 

adaptable. 

6.3.  Practical Implementation Considerations 

For RL-based screening to be adopted in real-world research environments, integration, usability, and domain 

adaptability are essential. 

 

• Integration into research workflows: The RL model can be embedded into academic search engines and 

management tools such as Zotero, Mendeley, or EndNote. By connecting with APIs like Semantic Scholar or 

PubMed, researchers could automate screening and reduce the burden of manual filtering in systematic reviews. 

• Usability and adoption: A simple, intuitive interface is necessary for widespread acceptance. Researchers should 

be able to set criteria, view classification outcomes, and adjust parameters with minimal effort. A web-based 

tool or database plugin would make the system more accessible. 

• Domain adaptability: Although this study focused on e-learning and Computer Science, the RL framework can 

be adapted to other disciplines such as medicine, engineering, and the social sciences. By adjusting the reward 

function and selection criteria, researchers could tailor the system for domain-specific applications. 

6.4.  Comparison with NLP and Deep Learning Methods 

Traditional NLP and deep learning methods such as recurrent neural networks (RNNs), long short-term memory 

(LSTM) networks, and transformer models like BERT have been widely used for text classification and information 

retrieval. However, RL offers distinct advantages for literature screening. 

 

• Handling dynamic research trends: NLP and deep learning models often require frequent retraining to 

accommodate evolving topics, whereas RL can continuously adapt its strategy through interaction and feedback. 

• Exploration versus exploitation: Deep learning classifiers generally follow static decision boundaries, while RL 

incorporates the exploration–exploitation tradeoff, enabling the discovery of new classification patterns beyond 

predefined labels. 

• Active learning and human feedback: Unlike supervised deep learning, which depends heavily on large labeled 

datasets, RL supports active learning through direct human feedback. Researchers can iteratively refine the 

model without extensive manual annotation. 

• Comparative performance: Table 3 summarizes the main differences between RL and deep learning approaches. 

Table 3. Comparison of RL with deep learning-based NLP approaches. 

Feature Deep Learning (BERT, LSTMs) Reinforcement Learning (DQN) 

Model Adaptability Requires frequent retraining Continuously learns from feedback 

Exploration of New Patterns Limited to pre-labeled data Dynamically explores new research areas 

Need for Labeled Data High (supervised learning) Low (active learning possible) 

Handling of Emerging Research Topics Requires new data labeling Adjusts dynamically through reward updates 

Human Interaction Minimal Can incorporate user feedback 

 

These findings highlight RL’s suitability for literature screening in research environments where adaptability, 

minimal supervision, and continuous learning are critical factors. 

7.  Conclusions 

This research suggested a novel RL-based approach for automated screening of literature that was found to improve 

the accuracy and efficiency of classification of academic papers. Traditional keyword-based and rule-based methods are 
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beset by static filtering constraints, which make them less efficient in identifying pertinent research papers in dynamic 

disciplines. Applying Deep Q-Networks (DQN) and the Semantic Scholar API, our RL agent filtered and selected 11 

highly relevant papers on its own from a starting collection of 8,934 research articles, maximizing classification through 

learned decision policies. Experimental evaluation confirms the improved performance of RL-based classification over 

baseline methods, achieving 91.5% accuracy, 86.3% recall, and 89.7% precision. Compared to keyword-based filtering, 

the RL model improved recall by 12.5% and precision by 9.8%, testifying to its effectiveness in lowering false positives 

and false negatives. Error analysis also highlighted false positive (8.3%) and false negative (5.2%) rates, testifying to the 

robustness of RL-based decision-making in systematic reviews. Despite these enhancements, there are certain issues that 

still exist. RL models rely on previous data, and therefore are vulnerable to shifts in research trends. Computational 

complexity, hyperparameter sensitivity, and data set imbalances are some other drawbacks. Nonetheless, the outcome of 

this research showcases the efficacy, flexibility, and scalability of RL-based classifier models in automatically screening 

literature. The proposed architecture presents a highly intelligent alternative over traditional methods in saving manual 

efforts to a greater extent while ensuring precise classification accuracy. By maximizing screening and classification 

processes, RL-based methods optimize the efficacy of systematic literature reviews and enable researchers to optimize 

large academic storehouse searches more effectively. 

8.  Future Work 

The RL-based literature screening model has been doing well; however, it is possible that certain improvements 

could be made such that it could be more adaptable, efficient, and usable on larger study spaces.  The future work will 

include enhancing the accuracy and efficiency of the reinforcement learning model for classification by combining multi-

agent reinforcement learning (MARL) systems, where different RL agents work collaboratively to maximize research 

paper classification. Further, the integration of reinforcement learning and deep learning-based natural language 

processing models such as transformers can enhance contextual awareness, while meta-reinforcement learning enables 

the model to keep on learning new research directions without requiring retraining. In order to maximize generalizability 

to multiple areas of research, future studies will examine transfer learning approaches that can leverage pre-trained 

reinforcement learning models for adaptation in new domains using a minimal amount of extra training, as well as few-

shot learning methods for classifying articles in domains where labeled data are scarce. Federated learning will be 

explored in order to optimize model performance without sacrificing data privacy in multiple research institutions. Other 

than e-learning and computer science, literature screening based on reinforcement learning can also be applied in 

biomedical and health research, where systematic reviews are important for clinical decision-making; legal and patent 

document classification, to make it easier for professionals to access long legal documents effectively; and social sciences, 

to aid in the detection of trends in policy and governance research. Another critical area of research is human-AI 

interaction optimization in literature filtering through the development of interactive reinforcement learning models 

enabling researchers to provide immediate feedback to enhance categorization choices.  Visualization tools can be 

integrated to enable researchers to gain better insights into the reasoning behind the RL model's acceptance or rejection 

of certain papers and enhance trustworthiness and explainability.  Explainable AI (XAI) methods will enhance decision-

making transparency by AI. To enable real-world adoption, subsequent research will investigate cloud-based 

implementations of reinforcement learning to screen large amounts of literature, optimize model inference rates to enable 

real-time classification, and overcome ethical considerations of AI-aided academic research filtering to allow just and 

unbiased classification. In overcoming these challenges, RL-based literature screening will be an even more effective, 

transparent, and scalable study tool across all fields. 
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