
The global education community is at the cusp of a potential paradigm shift given the widespread availability of 
artificial intelligence (AI), which is poised to fundamentally reshape education more broadly, and in particular 
the evidence ecosystem. While AI is impacting all aspects of social and educational research, including 
primary data collection and analysis, the focus of this working paper is on secondary research. The paper:

	� Explores how AI can support the synthesis, translation, and use of education evidence in low- and 
middle-income countries (LMICs).

	� Maps current and exploratory applications of AI across key stages of evidence synthesis and uptake, 
describing how these applications are currently used in practice.

	� Assesses the opportunities, risks, and equity implications of these applications, including the trade-
offs between efficiency gains and longer-term impacts on evidence integrity, governance, and power 
dynamics in LMIC evidence ecosystems.

	� Proposes a principles-based strategy to guide responsible, equitable engagement with AI in 
education evidence synthesis and use.

This working paper is a rapid analytical overview rather than a systematic review. It draws on targeted 
literature searches, expert consultations, and interviews with organisations using AI in education evidence 
synthesis and uptake. AI-assisted research tools were used to support literature discovery, synthesis, and 
drafting, with all outputs reviewed, verified, and substantially edited by the author. The principles and ways 
forward proposed in this paper were developed iteratively through analysis of the literature, synthesis of 
emerging practice across use cases, and feedback from the BE² Steering Committee and a dedicated AI 
Working Group convened for this work.

The paper is intended to foster reflections among BE² members, provide insights into what different 
organisations are already doing with AI in education evidence and research, and stimulate discussion and 
exploration of collaboration opportunities. It is not a technical review for AI specialists, but rather a framing 
document to help BE² members and other evidence ecosystem actors, such as funders, ministries, and 
researchers, consider how AI might be responsibly integrated into education evidence synthesis and 
uptake work.
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Improving the Evidence Ecosystem

AI presents opportunities to address long-standing challenges in the evidence pipeline, particularly in 
LMIC contexts. By automating workflows, augmenting human insight, and democratising access, AI has 
the potential to make the evidence synthesis and uptake cycle faster, more insightful, and more inclusive 
for researchers, practitioners, and decision-makers, particularly in LMIC contexts. Without deliberate 
mitigation and governance, however, these same tools risk reinforcing or widening existing disparities. 
Some applications, particularly those that directly inform policy decisions, are high stakes and require 
strong human oversight, governance, and quality assurance. These are some examples of AI applications 
in research synthesis, uptake and use, and their intended benefits:

	� Evidence Synthesis: The production of secondary research, such as systematic reviews, is notoriously 
slow and expensive. AI tools are being deployed to accelerate this process at various stages. Machine 
learning algorithms can semi-automate the systematic searching and screening of thousands of 
articles, with studies showing workload reductions of over 50% (Abogunrin et al., 2025). For data 
extraction, Large Language Models (LLMs) are being piloted to pull specific data points from full-text 
studies, while AI-assisted evidence maps can visualise research landscapes and identify critical gaps.

	� Evidence Uptake and Use: Bridging the gap between research and policy or practice is a persistent 
challenge. AI offers potential ways to make evidence more accessible and actionable, but the 
appropriateness of these applications varies by use. LLMs can support the assisted drafting of policy 
briefs and research summaries, though this is a high-stakes application that requires rigorous 
human review and verification to avoid errors, oversimplification, or misinterpretation. Multilingual 
translation tools are helping reduce language barriers, making global evidence available to diverse 
linguistic communities, with new models expanding high-quality translation for dozens of languages. 
Furthermore, AI-powered interfaces like chatbots provide a novel way for users like teachers, 
administrators, and officials to query complex research findings using natural language.

Problems, Risks, and the Imperative for Governance

While the potential benefits of AI are substantial, they are accompanied by significant problems, harms, 
and risks that can threaten evidence integrity and exacerbate existing inequities. A core challenge lies in 
the fact that AI systems inherit and can amplify the biases present in their training data, which is heavily 
skewed towards English-language research from the Global North. Consequently, AI use is not warranted 
in all applications, and mitigations can lower risks but not remove them. In addition to the significant 
environmental and social costs of using AI, other primary problems and risks include:

	� Risks to Evidence Integrity
a.	 Inaccuracy and Opacity: AI models can produce factually incorrect outputs and invent sources 

(“hallucinations”) or misinterpretations in context, posing a threat to the integrity of evidence-
based policymaking. The “black box” nature of many models makes it difficult or impossible to 
scrutinise their reasoning.

b.	 Misinterpretation in Context: An AI model may fail to grasp the nuanced terminology or 
contextual factors for a specific setting, leading to flawed data extraction and incorrect conclusions.

	� Equity and Inclusion Risks
a.	 Amplified Bias: AI trained on the skewed global evidence base can perpetuate and deepen 

these biases, continuing to marginalise local evidence and knowledge systems from LMICs.
b.	 Dependency and Digital Divides: Uneven access to proprietary AI platforms risks creating a 

new digital divide, locking LMIC institutions into expensive, inflexible technologies marketed and 
controlled by external vendors and commercial entities.



The Way Forward: A Principles-Based Strategy

To navigate this complex landscape, an education-led, human-centred, ecosystem-focused approach is 
advisable, in which human capacity, governance, financing and infrastructure work together to ensure AI 
equitably serves learners and their societies. This working paper proposes five principles to guide AI and 
education evidence synthesis and use:
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In conclusion, AI comprises a powerful set of technologies that has the potential to reshape education 
evidence ecosystems. While its capacity to accelerate and broaden access to evidence is significant, 
so too are the risks of inaccuracy, exclusion, and the reinforcement of existing inequalities. This paper 
demonstrates that the risks associated with AI use in education evidence systems cannot be eliminated, 
but they can be better understood, mitigated, and governed. By adopting an ecosystem-focused 
approach that strengthens human judgment, institutional capacity, and public infrastructure, the global 
education community can engage with AI in ways that more responsibly shape evidence systems and 
support more equitable and effective decision-making over time.

Addressing these problems and risks requires robust ethical frameworks and governance. Key ethical 
considerations from organisations like UNESCO and the OECD - which emphasise proportionality, 
accountability, transparency, and fairness - can provide a foundation (OECD, 2024; UNESCO, 2021a, 
2023). A central question is defining what constitutes “good enough” AI performance. This demands 
rigorous benchmarking against standardised metrics and comprehensive quality assurance protocols 
that embed a “human-in-the-loop” to verify outputs, especially for high-stakes applications.
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Building Evidence in Education (BE²) is a global working group aimed at enhancing evidence generation and use to improve education 
outcomes. Its 40+ members are bilateral donors, multilateral agencies, philanthropic organisations, and global and regional networks.

1.	 Invest in Foundational Public Infrastructure: Prioritise long-term, sustainable investment in open-
source tools, multilingual datasets, and Digital Public Infrastructure (DPI).

2.	 Ensure Robust Data Privacy and Security: Implement strict protocols to protect sensitive data and 
intellectual property.

3.	 Govern Early, Proactively, and Inclusively: 
Establish clear internal policies and ethical guidelines 
before large-scale AI adoption, ensuring decision-making 
processes are inclusive and led by LMIC stakeholders.

4.	 Foster a Culture of Critical Learning and Adaptation: 
Build broad AI literacy among all actors to encourage 
informed and critical consumption of AI outputs, and commit 
to transparency by disclosing the tools and methods used.

5.	 Strengthen LMIC Leadership and Capacity: 
Enable LMIC actors to increasingly serve as creators 
and owners of relevant AI tools and expertise, rather than 
primarily as consumers of externally developed technology.
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