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AI Agents Are Reshaping Academic Research

AI is no longer only a writing or coding assistant. 
It is moving toward agentic research workflows.

Recent work defines advanced AI assistants as artificial agents that can plan and execute sequences of actions on behalf of
users across domains, raising both major opportunities and governance concerns (Gabriel et al., 2024). 
Surveys of agentic AI for science also describe agents as systems that coordinate tools, data, reasoning, and evaluation across
scientific workflows (Gao et al., 2025).



AI Agents Are Reshaping Academic Research
AI agents can support:

 Data retrieval
 Literature synthesis
 Experiment planning
 Tool calling
 Evidence interpretation
 Result summarization
 Decision documentation

The new question is not only  
“Can AI generate an answer?”

 The stronger question is:
 Can AI support a reliable, explainable, and accountable research workflow?

(Gabriel et al., 2024; Gao et al., 2025)



From AI Tools 
to Human-Centered AI Systems

In safety-critical domains, AI should not be designed as a black-box replacement for experts.

A human-centered AI
system should provide:

High automation
High human control
Evidence visibility
Clear uncertainty
Action traceability
Decision accountability

Theoretical foundation:
 Human-Centered AI argues that reliable, safe, and trustworthy
systems should combine automation with meaningful human control.

Shneiderman’s Human-Centered AI framework argues that effective AI systems should increase automation while preserving
human control, responsibility, and trustworthiness (Shneiderman, 2020). Situation awareness theory similarly emphasizes that
operators in dynamic systems need perception, comprehension, and projection before making decisions (Endsley, 1995).

Situation Awareness = Perception + Comprehension + Projection



Why 
Nuclear Radiation Monitoring Is a Strong Case

Radiation monitoring is a strong case for AI decision support
because it combines:

Continuous sensor data
Background radiation variation
Instrument noise
Rare but important anomalies
High cost of misinterpretation
Need for human verification

The core question is not simply:
“Is radiation detected?”
The better question is:

“Is this signal normal, uncertain, or operationally significant?”

Signal = Background + Possible Source + Noise

Gamma-ray spectra can provide radionuclide “fingerprints,” where energy-related spectral patterns help support identification and
interpretation rather than relying only on gross count levels (IAEA, 2021). Radiation detection algorithms may operate on gross
count rate, gamma-ray spectra, or both, making spectral analysis central to detection and classification tasks (Ghawaly et al., 2020).



NuclearGuard AI is structured as a modular decision-support architecture. 

The system receives gamma-ray spectral data and monitor metadata,
preprocesses the signal, extracts spectral evidence, applies anomaly
detection models, converts model outputs into risk levels, and supports
the operator through visualization, action recommendation, agent-
assisted briefing, and decision logging.

How do we build?



Gamma-Ray Spectral Data: The Evidence Layer
A gamma-ray spectrum is more informative than a single count.

Gross count answers:
 How much radiation was detected?

Spectrum answers:
 How is radiation distributed across energy channels?

Suspicious sources may appear as:
Abnormal peaks
 Energy-channel deviations
 Distribution shifts
 Mismatch against background baseline

Gamma spectroscopy uses the relationship between energy peaks and radionuclide signatures to
support identification; background subtraction and peak evaluation are therefore foundational
steps in interpreting spectra (IAEA, 2021; Mirion, n.d.).

Net spectral deviation:
D(Eᵢ) = x(Eᵢ) − b(Eᵢ)

Standard deviation:
zᵢ = [x(Eᵢ) − μᵢ] / σᵢ

x(Eᵢ) = observed count at energy channel i
 μᵢ = expected background mean
 σᵢ = background standard deviation



Model Layer: Anomaly Detection Methods

NuclearGuard AI compares multiple anomaly detection approaches:
1.Gross Count Threshold
2.Spectral Peak Deviation
3. Isolation Forest
4.Deep Autoencoder Reconstruction Error

Why multiple models?
Threshold models are interpretable but simple.
 Isolation Forest detects unusual observations through isolation.
 Autoencoders learn normal spectral structure and flag high reconstruction error.

Isolation Forest detects anomalies by isolating observations rather than estimating density or distance, making it conceptually
suitable for unusual-pattern detection (Liu et al., 2012). Autoencoders learn compressed representations and reconstruct
inputs; reconstruction error can be used as an anomaly signal when abnormal observations are harder to reconstruct
(Goodfellow et al., 2016; TensorFlow, 2024).

Threshold rule:
Alert = 1 if score(x) > τ

Autoencoder reconstruction error:
r(x) = ||x − g(f(x))||²

Isolation Forest anomaly score:
s(x, n) = 2^[−E(h(x)) / c(n)]
Where:
h(x) = path length of x in isolation trees
 c(n) = average path length normalization term
 Higher s(x, n) indicates stronger anomaly likelihood



Interactive Evidence Review
AI outputs must be inspectable before they can support safety decisions.

NuclearGuard AI visualizes:
 Selected monitor location
 Risk level and anomaly score
 Observed spectrum
 Background baseline
 Difference curve
 Suspicious energy-channel peaks
 Spectral fingerprint heatmap

Operator questions:
 What changed?
 Where did it change?
 How strong is the anomaly?
 Does the evidence justify further review?



Agent Layer: Briefing & Decision Support
NuclearGuard AI includes an agent-style briefing layer.

The agent receives:
Alert metadata
Risk level
Anomaly score
Spectral evidence
Selected operator action
Recommended next step

The agent generates:
Situation
Evidence
 Recommended action
 Documentation note

Design guardrail:
 The agent should not claim confirmed release.
 It should frame output as decision support requiring verification.

Advanced AI assistants are defined as agents that can plan and execute sequences of actions for users, but their autonomy also
creates ethical risks around alignment, misuse, overreliance, and accountability (Gabriel et al., 2024). In safety-critical systems, this
means agent outputs should remain bounded, evidence-based, and reviewable.

Important decision-support logic
Recommended action = argmaxₐ U(a | risk, evidence, uncertainty)

a = possible operator action
 U = expected utility of action
 risk = severity level
 evidence = spectral and model evidence
 uncertainty = model and operational uncertainty



Validation, Metrics, and Benchmark Grounding
The prototype is grounded in public radiation detection benchmark concepts.

Evaluation task:
Background vs. source-present detection
 Anomaly prioritization
 False alarm control
 Operator review-load reduction

Relevant metrics:
ROC-AUC
 Precision
 Recall
 F1 score
 Recall at fixed false positive rate
 Top-k precision
 Estimated review-load reduction

Demo metrics must be replaced with reproducible offline benchmark outputs before being presented as final research results.

Precision:
Precision = TP / (TP + FP)
Recall:
Recall = TP / (TP + FN)
F1 score:
F1 = 2 × Precision × Recall / (Precision + Recall)
False positive rate:
FPR = FP / (FP + TN)

The ORNL Scientific Data benchmark provides synthetic urban gamma-ray spectra for training and testing radiation detection algorithms, with algorithms
operating on gross count rates, spectra, or both (Ghawaly et al., 2020). ORNL’s more recent radiation detection algorithm guidance recommends reporting
performance metrics and considering background variability, shielding, detector response, and machine-learning methods (Runkle et al., 2024).



Metric Value Meaning

ROC-AUC 0.9
Strong model
discrimination

Recall @ 5% FPR 0.71
Better anomaly capture
under controlled false
alarms

Top-10 Precision 0.8
Higher-quality alert
prioritization

Review-Load Reduction 36%
Less low-value manual
review

Academic &Business Value

Academic value
AI agents for safety-critical research workflows
Data interpretation, evidence synthesis, and decision documentation
Radiation anomaly detection as a concrete AI research case
Explainability, situation awareness, and human-centered AI
Reproducible benchmark evaluation pathway

Business and product value
Lower signal overload
Better alert prioritization
Stronger decision documentation
Faster escalation and review
More accountable human-AI collaboratio

Main takeaway:
 The future of AI in safety-critical systems is not full automation.

 It is better evidence, clearer decisions, and more accountable Human-AI Collaboration.

Machine-learning alarm analysis has practical value in radiation monitoring because nuisance alarms can create significant
operational workload, and performance evaluation should consider field review burden rather than only abstract
classification accuracy (Labov et al., 2025). This supports the product framing of NuclearGuard AI as workflow
improvement, not only model development.
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