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Abstract
This review explores the current landscape of artificial intelligence (AI)-assisted semi-automation tools used in systematic reviews and guideline development. With the exponential growth of medical literature, these tools have emerged to improve efficiency and reduce the workload involved in evidence synthesis. Platforms such as Covidence, EPPI-Reviewer, DistillerSR, and Laser AI exemplify how machine learning and, more recently, large language models (LLMs) are being integrated into key stages of the systematic review process—ranging from literature screening to data extraction. Evidence suggests that these tools can save considerable time, with some achieving average reductions of over 180 hours per review. However, challenges remain in transparency, reproducibility, and validation of AI performance. In response, international initiatives such as the Responsible AI in Evidence Synthesis (RAISE) project and the Guideline International Network (GIN) have proposed frameworks to ensure the ethical, trustworthy, and effective use of AI in health research. These include principles like transparency, accountability, preplanning, and continuous evaluation. This review highlights both the opportunities and limitations of adopting AI in evidence synthesis and underscores the importance of human oversight and rigorous validation to ensure that such tools enhance, rather than compromise, the integrity of systematic reviews and guideline development.


Keywords: Systematic review; Clinical practice guideline; Artificial intelligence; Machine learning; Large language model
Introduction
Systematic review is a major methodology for evidence-decision making in healthcare policy, health technology assessment (HTA) and evidence-based guideline development. Systematic reviews are labor-intensive and time-consuming, typically taking around 41 weeks (nearly a year) from protocol development to final journal submission [1]. The past several years have seen the development and increasing adoption of various machine learning (ML)-based semi-automation tools designed to overcome the challenges inherent in systematic reviews [2]. Despite their individual strengths and weaknesses, these tools have gradually gained traction within the research community. More recently, the widespread emergence of Large Language Models (LLMs) has prompted researchers to explore their potential for systematic review automation. While concerns regarding accuracy and the "black box" nature of LLMs currently necessitate human oversight, ongoing technological advancements hold significant promise for future applications [3,4] Compared to LLMs, semi-automation tools using conventional ML have gained more trust for preserving methodological rigor. These tools assist in managing workload and improving process efficiency while upholding the strict standards of systematic review [5]. Notably, recent trends indicate an integration of artificial intelligence (AI) functionalities especially LLMs into these tools to further enhance efficiency and broaden their utility. This review aims to explore these recent developments and their applicability within the context of systematic reviews.

Current semi-automation tools for systematic reviews
While full automation of systematic reviews remains ideal goal, this review focuses on semi-automation. Semi-automation software and platforms were available from several years ago and rapidly expanding their utilities adapting AI-tech, to streamline and expedite various stages of the systematic review process [6]. Study selection has been a primary focus, with numerous tools providing semi-automated and fully automated solutions. Popular platforms like DistillerSR, Covidence, EPPI Reviewer, Abstrackr, and Rayyan have integrated AI-assisted screening. However, many of these tools lack publicly available source code, provide limited information on classifier training, and haven't published performance evaluations. Most screening tools use supervised machine learning, which requires users to manually screen a portion of articles to generate training and test data [7].
AI tools are widely used for various evidence synthesis tasks, ranging from standalone solutions to integrated systematic review platforms. While many tools offer automated solutions for tasks like study selection, they often lack transparency and public performance evaluations. There is a growing interest in using generative LLMs for these tasks due to their potential to reduce the need for extensive training data.
Here are several detailed popular semi-automation tools;
Covidence
Covidence is positioned as a tool to streamline and structure the traditional systematic review process, with a strong focus on the Cochrane methodology. Its user experience is characterized by a prescribed, step-by-step workflow that guides users through screening, conflict resolution, and data extraction, thereby enforcing methodological rigor [8]. The tool is designed for reviewers at all levels of experience. Since 2023, AI-driven literature screening has become feasible through tools like the RCT classifier, and more recently, large language models (LLMs) have begun to be integrated into data extraction tools—marking the initial use of LLMs in this critical phase of evidence synthesis.

EPPI-Reviewer
Developed by the EPPI-Centre at UCL, EPPI-Reviewer is a non-profit, web-based academic tool designed for maximum flexibility. It supports a vast range of review types beyond standard meta-analyses, including qualitative, mixed-methods, framework, and thematic syntheses. It is intended for reviewers who require the freedom to customize their methods and coding tools. Screening Prioritization (Active Learning) is a core feature. The tool uses text mining and active learning, where the algorithm iteratively learns from the reviewer's decisions to re-rank the remaining abstracts, aiming to find all included studies by screening a smaller portion of the total set. Uniquely supports line-by-line coding of textual data directly from PDFs, creation of conceptual relationship diagrams for qualitative synthesis, and integrated meta-analysis via 'R' libraries (Metafor) for advanced statistical analyses like meta-regression. The latest version integrates OpenAI's GPT-4o for automated coding, where the model can apply codes to titles and abstracts based on user-defined prompts [9].


Laser AI
Developed by Evidence Prime, a spin-off of McMaster University, Laser AI is built from the ground up to support living systematic reviews in high-stakes environments like pharmaceutical companies and health technology assessment (HTA) agencies. Its philosophy centers on efficiency, security, data reusability, and regulatory compliance (e.g., for FDA submissions). This system features a Living Review Architecture that can continuously update, handling up to 15,000 new references monthly, and offers AI-Assisted data extraction to significantly reduce manual effort by suggesting data from PDFs. It also provides robust data management and reusability through controlled vocabularies and clean-up modules, enabling data reuse across projects and export in various structured formats. Furthermore, its Auditability and Compliance features maintain a detailed project history crucial for transparency (10). The platform leverages AI and Automation Capabilities, including a proprietary natural language processing (NLP) Model for screening prioritization and AI-Assisted Summarization that auto-reports study limitations with traceable source quotations. Additionally, its Advanced Search and RAG (Retrieval-Augmented Generation) capabilities allow natural language queries across extensive databases, showcasing a sophisticated approach to information retrieval [10,11].
DistillerSR
DistillerSR is a web-based, semi-automated tool designed to support the systematic review process, particularly in the title/abstract screening and data extraction phases. It leverages machine learning capabilities, including prioritization features, to enhance the efficiency of literature reviews [6,12]. DistillerSR demonstrates potential for improving workflows if AI features are further simplified for literature screening and integrated into data extraction processes. However, significant time is required to create a training set to utilize AI functionality effectively, and its customized UI involves complex procedures that necessitate considerable familiarity with the system. As a result, the system received low scores in terms of ease of use and overall usability. Therefore, at this point, its feasibility for adoption requires further reconsideration [13].


Evaluation of Applicability and performance
In 2020, National Evidence-based Healthcare Collaborating Agency has reviewed five semi-automated tools for systematic review [14] (Table 1). Among the online semi-automated screening programs available in the market, Covidence and EPPI-Reviewer were selected along with three free screening programs—Rayyan, Abstrackr, and Robot Analyst—which were the most frequently used in previous research. Despite its limited functions, the screening performance of Robot reviewer was also analyzed considering its accessibility, practicality, and artificial intelligence (AI)-enabled services. This study, analyzed 77 HTA reports, revealed the typical workload for Systematic Reviews (SRs). The median SR took 10.6 weeks, though "fast-track" assessments were much quicker at about 4 weeks. A major time sink was literature selection, consuming over 40% of the total SR time in more than half the cases. The research suggests semi-automated tools could significantly cut down on literature selection time, especially for "fast-track" and "health technology reassessment" categories, boosting efficiency.
Table 1. Semi-automation tools comparative functions (Evaluated in 2020)
	Steps	Literature search results import	Literature screening	Risk of bias assessment	Data extraction and synthesis	AI integration (as of 2025)
	Programs	Title/abstract screening	Fulltext screening
	Covidence	Import data, Manage duplicates	Priority screening, Highlight	Bulk upload of full text	Risk of bias 1.0, customized	Data Extraction form	RCT Classifier, LLM Data extraction
	EPPI-Reviewer	Search (PubMed)	Priority screening,	Upload of full text	Various, customized	Data Extraction form, Meta-analysis	AI screening, LLM (GPT 4o)
	Import data	Allocation
	Manage duplicates	Highlight
	Rayyan	Import data	ML-assisted prioritization, Highlight	Upload of full text			AI screening
	Search (PubMed)
	Abstrackr	Import data	Active learning				ML-AI screening
	Highlight
	RobotAnalyst	Import data	Text-mining function				LLM introducing
	RobotAnalyst


All needed functions are providedNot all needed functions are providedLLM, Large Language Model; ML, Machine-Learning;


Previous studies compared performance of semi-automated tools show significant potential for workload reduction. A scoping review reported an average time saving of 185 hours when compared to tools like Abstrackr and RobotAnalyst [6]. One comparative study found EPPI-Reviewer could reduce screening burden by 9% to 60%, outperforming Abstrackr in some scenarios. However, performance is highly variable and depends on the review's topic; for a heterogeneous review, its performance was markedly poorer. This highlights a key challenge for credibility and preplanning. Simulation studies suggest active learning can reduce screening effort by 40-50% or more while maintaining high recall. In some contexts, such as for in vitro studies where abstracts may be poor indicators of relevance, text mining on titles and abstracts has been shown to outperform human screening [15]. Recent work has addressed the limited adoption of machine learning in automating data extraction for environmental health literature. Dextr, a web-based semi-automated tool, was developed to support hierarchical data extraction through user-verified predictions and token-level annotations. In testing with 51 animal studies, Dextr maintained similar precision (96.0%) and slightly reduced recall (91.8%) compared to manual extraction, while halving extraction time [11]. A systematic review evaluated the performance and workload reduction of AI-based tools for literature screening in cancer-related systematic reviews. Five studies assessed four tools—Abstrackr, RobotAnalyst, EPPI-Reviewer, and DistillerSR—demonstrating varying efficiencies. Abstrackr showed the highest time savings, eliminating up to 88% of abstracts and 59% of full-texts without missing included citations. Other tools showed more modest reductions [16].
Overall, these findings underscore the growing utility of semi-automated tools in improving the efficiency of systematic reviews, while also highlighting the need for careful consideration of tool selection based on review characteristics and domains.

International guidance for use in systematic reviews
The Responsible AI in Evidence Synthesis (RAISE) project is an initiative designed to address the challenges associated with the use of Artificial Intelligence (AI) tools in evidence synthesis [17]. The project aims to provide guidance to the evidence synthesis community on how and when to effectively and responsibly utilize AI, given the rapid influx of AI tools promising to streamline the process. It highlights that the mere availability of AI does not justify its use, and improper application can hinder the evidence synthesis process, potentially introducing or exacerbating harms. The RAISE project's guidance is structured into three main documents:
• RAISE 1: This document offers tailored recommendations for various roles within the evidence synthesis ecosystem, including evidence synthesists, methodologists, AI tool development teams, organizations producing evidence synthesis, publishers, funders, users, and trainers of evidence synthesis methods.
• RAISE 2: This part provides guidance on the development and evaluation of AI evidence synthesis tools. It focuses on how to determine if an AI tool performs as claimed to an acceptable standard, including methods for building and validating these tools, conducting evaluations, considering performance metrics, and reporting findings.
• RAISE 3: This specific document (the source of this information) focuses on guiding users in selecting and utilizing AI evidence synthesis tools. It offers an overview of the current state of AI in evidence synthesis and provides advice on assessing tools for both external and internal validity, along with key ethical, legal, and regulatory considerations.
Guideline International Network (GIN) also published the consensus for the responsible and transparent use of Artificial Intelligence (AI) in health guideline development. Recognizing the rapid evolution and potential of AI, as well as the lack of specific guidance in this domain, GIN aims to support guideline developers in leveraging AI tools effectively while ensuring trustworthiness and adherence to ethical standards [18].
Framework outlines eight key principles for integrating AI into health guideline development, prioritizing ethical and effective implementation. First, transparency is crucial; all AI tools, data, and methods must be clearly documented and understandable, detailing human involvement and any deviations. Preplanning requires anticipating AI's advantages, risks, and limitations, considering methodological choices, budget, and equity. AI use should offer clear additionality, providing gains beyond non-AI tools through new capabilities or increased efficiency. Credibility demands that AI tools demonstrate sufficient quality for their intended application, with performance assessments guiding selection. Furthermore, ethics are paramount, requiring adherence to human rights, equity, and data privacy, addressing potential biases. Accountability necessitates human oversight to direct AI use and ensure compliance with legal frameworks, with clear mechanisms for examining AI-generated content quality. Compliance ensures all AI tools and processes meet relevant legal and regulatory standards. Finally, continuous evaluation of AI's use and effects is vital given its rapid evolution. These principles offer a flexible yet foundational framework, emphasizing transparency and ongoing assessment to foster trustworthy guidelines.
These two statements highlight a shared, critical need for responsible and transparent AI integration within evidence synthesis and health guideline development. Both the RAISE project and the Guideline International Network (GIN) recognize AI's transformative potential while emphasizing that its mere availability doesn't justify its use. Ultimately, both initiatives converge on the idea that effective AI implementation in these fields hinges on clear documentation, rigorous ethical considerations, human oversight, and ongoing assessment to ensure trustworthiness and prevent harm.

Conclusion
AI-assisted semi-automation is not a futuristic concept but a present-day reality that is already transforming how we conduct systematic reviews and develop guidelines. These tools are not autonomous "robot reviewers" but sophisticated assistants that empower researchers to synthesize evidence with greater speed and scale than ever before. The future lies in a seamless human-AI collaborative ecosystem. To fully realize its potential, researchers must prioritize transparency, ethical use, and ongoing evaluation, ensuring that these tools serve as reliable partners in producing timely, high-quality systematic reviews and clinical guidelines.
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