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What problem is the research trying to solve? 

Modern AI systems can process huge amounts of scientific text very quickly, which 

could speed up tasks like literature reviews and taxonomy building. 

But the paper stresses several risks: 

 Autonomous AI agents can propagate early mistakes across the workflow  

 They may drift away from the research question (“epistemic drift”)  

 Their outputs often lack transparency and auditability, so researchers can’t 

trace decisions  

 Accountability becomes unclear when AI acts without human oversight  

The key question becomes: 

How can we use AI to scale scientific analysis while preserving transparency, rigor, 

and human accountability? 

 

What did the researchers do? 

✔ They proposed a new governance model: 

Method-Fidelity Human‑in‑Command Governance (HIC‑GOV) 

This framework ensures that humans—not AI—remain in control. The core principles 

are: 

1. Methodological fidelity: Each AI agent handles only one well‑defined step of an 

established scientific method.  

2. Scoped agent autonomy: No end‑to‑end autonomous AI; only narrow, 

role‑specific agents.  

https://hal.science/hal-05466131


3. Human‑in‑Command checkpoints: Every step halts until a human explicitly 

approves, refines, or stops it.  

4. Full auditability: Every AI output and human decision is logged for transparency.  

The researchers created a multi‑agent pipeline for taxonomy development 

They mapped each step of the well‑known Nickerson et al. (2013) taxonomy 

development method to a specialized AI agent.  

Examples of agent roles: 

 Meta‑Characteristic Designer 

 Ending Conditions Designer 

 Object Identifier  

 Characteristic Identifier  

 Dimension Conceptualizer  

 Taxonomy Reviser 

 Ending Conditions Evaluator 

Between each step, a mandatory human‑in‑command checkpoint controls 

progression.  

 

How did they test the system? 

They ran a qualitative case study, re‑deriving a published taxonomy from: 

Lazazzara, Za, & Georgiadou (2025) — AI-enabled workplace inclusion. 

This was their test case, executed shortly after the taxonomy was published, to ensure 

it was not included in the training data for any AI model used in the test. 

The setup: 

 25 academic papers from the original taxonomy served as the offline corpus. 

 They reproduced the same sequence of five Nickerson-style iterations used in 

the original study with their system. 

 The system operated fully offline (no web access). 

 A human supervisor made 147 Accept/Refine/Stop decisions across the run.  

The final output was an 8‑dimension taxonomy with 25 characteristics.  

 



What did the researchers find? 

1. The system maintained methodological fidelity 

The AI agents successfully followed the formal steps of the Nickerson method, rather 

than behaving like unconstrained autonomous systems. 

2. Human checkpoints prevented conceptual drift 

The paper clearly shows that human gating avoided error cascades and ensured 

alignment with the research objective.  

3. The generated taxonomy was detailed but overly broad 

The authors explicitly critique the result: 

 It was less concise than the original taxonomy 

 Some values acted more like sub‑dimensions 

 Some categories were not sharply distinct, creating possible ambiguity 

 This may come from a broad meta‑characteristic and permissive human 

guidance  

4. The human supervisor’s input strongly shaped outcomes 

The paper notes that agent behavior was sensitive to: 

 Human feedback wording 

 Prompt clarity 

 How tightly the human controlled focus 

This reinforces the need for strong human involvement.  

5. Auditability and transparency improved dramatically 

All AI outputs and all human rationales were logged, producing a complete digital audit 

trail.  

 

Why does this work matter? 

The authors argue that fully autonomous AI systems are not appropriate for 

scientific workflows, since they require rigor. 

This framework: 

 Ensures accountability 

 Maintains methodological rigor 

 Provides transparent, reproducible research steps 



 Safely uses AI for scalability, not decision‑making 

They position HIC‑GOV as a generalizable blueprint for AI‑assisted science across 

many research methods.  

 

Limitations (as stated by the authors) 

The paper explicitly lists several limitations: 

 Only one case study in a specific domain (AI‑enabled workplace inclusion) with 

a small corpus of 25 papers.  

 Heavy dependence on: 

o Human supervisor expertise 

o Prompt quality 

o Underlying LLM capability 

 Some format errors and schema violations occurred in agent outputs.  

 Scalability to much larger corpora remains unknown. 

 

Final Takeaways 

 Human‑in‑command oversight is essential for rigorous, trustworthy 

AI‑assisted research.   

 Multi‑agent systems work best when each agent has a narrow, 

method‑defined role.   

 AI can assist in large‑scale knowledge structuring but cannot autonomously 

ensure conceptual accuracy.   

 The framework produced a valid taxonomy, but it was more complex and 

less concise than human‑only results.   

 Auditability and transparency improved through rigorous logging of every 

decision and AI output.   

 

This simplified version was created using an AI agent 
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