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Abstract

Analyzing neuroimaging data requires specialized coding and statistical expertise,
which limits accessibility for researchers without computational backgrounds. We
present the AI Neuroscientist, a language agent for interactive data exploration.
The system integrates a large language model (LLM) with a neuroimaging toolset
to perform quality control, modeling, and visualization. This allows researchers
to query data quality and specify analysis parameters directly in natural language,
providing a transparent and interactive alternative to conventional scripted pipelines
for small-scale data exploration. We demonstrate these capabilities using functional
near-infrared spectroscopy (fNIRS) data, and evaluate the agent on a custom fNIRS
benchmarking suite against general-purpose LLM agents with code sandboxes.
Future extensions will generalize the architecture to additional modalities, including
functional magnetic resonance imaging (fMRI) data, and expand the benchmarking
suite to additional fNIRS tasks.

1 Introduction

Analyzing functional neuroimaging data is a multi-step process that combines specialized libraries,
file format conventions, and numerous methodological choices at each stage (e.g., selecting filter
frequencies, motion artifact thresholds, and statistical models). A typical fNIRS or fMRI workflow
requires navigating command-line tools, modality-specific toolboxes, and analysis scripts while
judging signal quality and tuning parameters at each stage. Open standards and reproducible pipelines
such as BIDS [8], fMRIPrep [6], and MNE-NIRS [12] have made these steps more uniform, but they
still assume comfort with code, documentation, and manual quality control. Routine inspection and
analysis can be inaccessible for experimentalists and clinicians without a scripting background.

Recent work shows that LLM agents can act as a layer over this kind of workflow. Agentic systems
can decompose user requests, invoke external functions, and carry state across turns [21, 19], and
similar designs have been applied to scientific domains including autonomous chemistry [3, 14]. A
common pattern emerging in these systems is that the agent contributes most when it coordinates
reliable domain tools rather than generating end-to-end answers [18, 11]. Neuroimaging fits this
shape well: the underlying methods for preprocessing, modeling, and statistics are already well
established, and what is often missing is an accessible coordination layer; one that runs them in a
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Figure 1: The Agent-Driven Neuroimaging Workflow. The workflow progresses temporally across
four phases: Discovery and Quality Control, Execution and Statistical Correction, Interactive Visu-
alization, and Interpretation. The top lane captures user queries and system feedback. The middle
lane details the LangGraph-based ReAct agent logic, which routes natural language instructions to
specific functions within a curated specialist tool registry. The bottom lane tracks the corresponding
data transformations and generated outputs.

sensible order and surfaces the resulting evidence without requiring users to write the glue code
themselves.

This paper presents the AI Neuroscientist, an agent that exposes standard neuroimaging analysis
workflows through natural language, using fNIRS as an initial validation case. We use fNIRS as the
first modality because the hemodynamic signal is interpretable at the channel level, files are small
enough for interactive turnaround, and community guidance prescribes a clear set of checks before
analysis: detection of the cardiac component in the cortical signal, identification of motion artifacts,
and assessment of per-channel signal quality [15, 22]. These checks map directly onto the questions
users tend to ask, such as “is the data clean?”, “is there a heartbeat?”, and “which channels respond
to the task?”, and they give the agent a concrete policy to follow before any inferential step.

The agent wraps a standard fNIRS analysis pipeline inside a tool registry that it calls in response to
user queries. The available operations range from extracting events and segmenting the continuous
data into stimulus-locked trials (epoching), to quantifying task-induced brain activation using a
General Linear Model (GLM) and performing multiple-comparison correction [2]. Every call writes
explicit intermediate artifacts: QC dashboards, beta matrices, significance masks, and topographic
plots. The user can inspect these at any point, which keeps interpretation tied to evidence instead of
to a single opaque response from the model.

The intended use case is small-scale interactive exploration of one subject or a small set of runs, not
unattended batch processing or clinical decision-making. Within that scope, the design illustrates
a practical way to bring LLM agents into scientific workflows: constrain them to a curated set of
tools, expose the assumptions baked into each step, and require human-readable artifacts at every
stage so that interpretation can be checked against the data. We additionally evaluate the agent on a
structured fNIRS benchmark spanning heartbeat-based quality control, motion-spike detection, and
anatomical localization tasks (Section 5), and show that a specialist tool-using agent outperforms
general-purpose LLM coding agents on standard fNIRS analysis tasks.

Contributions.

• Development of a LangGraph/LangChain AI Neuroscientist ReAct agent with a natural-
language interface.

• Implementation of a curated neuroimaging toolset for fNIRS processing and analysis.

2



• Design of a natural-language interface that makes fNIRS analysis tools readily accessible,
while preserving transparent safeguards for evidence-based interpretation.

• Development of an agent-agnostic fNIRS benchmarking suite and empirical comparison
showing that the specialist tool-using agent outperforms general-purpose LLM coding agents
on quality-control and artifact-detection tasks.

2 Related Work

Standardized neuroimaging workflows. BIDS and BIDS Apps provide shared data organization
and containerized pipelines [8, 9], while fMRIPrep and MNE-NIRS consolidate preprocessing into
uniform routines [6, 12]. For fNIRS, SNIRF and NIRS-BIDS extend this standardization [20, 13], and
consensus guidelines prescribe hemoglobin conversion, physiological checks, event-related averaging,
and GLM fitting [22]. These tools still assume scripting fluency to execute and audit each stage.

Modality-specific quality control. Automated QC differs across modalities: fMRI relies on
framewise displacement and tools such as MRIQC [5], whereas fNIRS quality centers on optode–
scalp coupling and intensity stability [15]. The scalp coupling index (SCI) uses cardiac-band
cross-wavelength correlation as a contact metric [16], often combined with peak spectral power
(PHOEBE) and applied in sliding windows for channel pruning [17, 12, 22]. Motion correction
methods such as TDDR then address spikes and baseline shifts [7]. Our agent follows this QC
vocabulary—heartbeat detectability, channel grading, and user confirmation—before modeling.

Language agents for scientific workflows. Large language models can actuate scientific workflows
via tool calling, as in Biomni and Claude for Life Sciences [10, 1]. Effective scientific agents
further require constrained tools, state, provenance, and inspectable intermediates [18, 11]. Within
neuroimaging, AI work often emphasizes multimodal representation rather than transparent pipeline
orchestration. We target practical analysis access through QC-gated, artifact-first processing.

3 Methods

3.1 Agent Architecture

Figure 1 summarizes the core architecture of the AI Neuroscientist agent. The design is a staged,
tool-mediated analysis loop. As shown in the middle lane of Figure 1, the agent node routes requests
into a fixed neuroscience toolset. The top lane reflects a policy-driven phase progression: discovery
and quality control (QC) first, then model execution with statistical correction, then interactive
visualization, and finally interpretation. Figure 1 also highlights a two-pass multimodal interpretation
loop where the agent first retrieves relevant generated figures from the image store, then performs a
second reasoning pass with those images attached. Finally, the bottom lane emphasizes an artifact-first
state design, where each phase emits explicit outputs (QC summaries, GLM estimates, corrected
statistics, and figures) and session memory is used only for short-lived orchestration state.

These architectural components were chosen to move the analysis from user intent to explicit artifacts,
and then back to grounded interpretation. The design constrains execution to concrete operations
by routing requests to a fixed toolset, rather than answering from language priors alone. The strict
phase ordering serves as a scientific safeguard against common conversational-agent failure modes,
such as choosing arbitrary QC thresholds or reporting significance before correction. Furthermore,
the two-pass multimodal interpretation ties neuroscientific reasoning directly to visual evidence
(e.g., topographies and ERP traces) rather than text-only conversation memory. This combination
of policy-constrained sequencing, statistical safeguards, and visual grounding differentiates the
AI Neuroscientist from a general-purpose coding agent. A full workflow diagram detailing these
processes is provided in Figure S1.

3.2 fNIRS Data Model and Assumed Preprocessing

The agent is designed for interoperability across common fNIRS data formats, including SNIRF/BIDS
intensity recordings, optical-density snapshots, and legacy concentration MAT files. Inputs are
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normalized into one shared recording object, so discovery, inspection, and downstream tools share a
common interface regardless of provenance.

The agent uses stage-aware routing for downstream processing. Intensity inputs enter conversion
and cleaning tools (optical-density transform, modified Beer–Lambert estimation [4], SCI-based
channel rejection, and temporal derivative distribution repair) before modeling; optical-density inputs
go directly to heartbeat and spike QC; already-converted concentration inputs skip re-conversion
and proceed to second-stage analysis such as event extraction, GLM with FDR correction, and
visualization. This stage-aware routing keeps hardware- and geometry-dependent choices explicit
and prevents the agent from silently re-applying upstream preprocessing.

3.3 fNIRS Toolset

The agent utilizes a specialized suite of fNIRS tools designed to handle the core stages of the
neuroimaging pipeline, with a full itemized list and implementation details provided in Appendix B.
The tools are organized into six primary functional groups:

1. Discovery and Inspection: Locate available recordings and summarize session metadata
before analysis.

2. Quality Control: Assess signal quality and flag unusable channels or subjects.

3. Conversion and Cleaning: Prepare and convert raw intensity into haemodynamic signals.

4. Modeling and Statistics: Fit task contrasts and quantify statistical significance.

5. Visualization and Interpretation: Generate and retrieve figures for multimodal result
inspection.

6. Literature Search and Review: Query and summarize related neuroscientific literature.

A session-scoped memory system, the image store, manages the interpretation workflow. As figures
are generated or discovered, they can be registered and retrieved with descriptive metadata. For
users seeking neuroscientific validation, the agent utilizes these tools to attach images for a second
reasoning pass. This ensures that interpretation of brain activation is grounded in the underlying
visual evidence.

4 Benchmark Design

We evaluate agents on a custom fNIRS benchmarking suite (fnirs_bench). The suite is agent-agnostic:
any system that writes the declared artifacts under a natural-language prompt can be scored. Full task
definitions, data sources, and qualitative error analyses are provided in Appendix C.

4.1 Design rationale

The benchmark targets three capabilities that recur in interactive fNIRS workflows and that are
difficult for general-purpose coding agents to reproduce reliably:

1. Physiology-aware quality control. Optode–scalp coupling is often assessed via a cardiac
(∼1 Hz) spectral peak in optical density (OD). Agents must translate this criterion into a
per-channel mask and a subject-level usability decision (Tasks 1a–c).

2. Artifact localization. Motion and other events appear as amplitude spikes in OD time series.
Agents must output a boolean spike_mask aligned to channel names (Tasks 2a–b).

3. Anatomical plausibility of activation maps. Interpretation requires judging whether a
topographic pattern matches the expected response for a given task (Task 3).

Tasks 1 and 2 include an easy synthetic variant (controlled ground truth from a shared MNE motor
template) and a hard real recording drawn from OpenNeuro BIDS exports, so failures reflect both
algorithmic mistakes and brittleness on messy data.
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4.2 Harness, agents, and run protocol

The evaluation harness presents each agent with a natural-language task prompt and staged inputs,
runs the agent in a fresh working environment, collects the declared output artifacts, and scores
them against held-out ground truth. Agents that execute arbitrary code run inside containers that
mount only the task inputs (read-only) and a writable output directory, with no access to reference
implementations, ground-truth labels, or artifacts from other runs. Per-run logs record tool trajectories,
text answers, token usage, and base scores for later reliability analysis.

We compare three agents over five independent runs per task (n_runs=5):

• AI Neuroscientist — the fnirs_agent specialist with curated path-based tools (heartbeat
SNR, MAD spikes, SNIRF I/O, topomap plotting, etc.) and no sandbox code execution by
default; backbone gpt-5-nano.

• LLM (gpt-5-nano) — general-purpose model in an isolated Docker sandbox (run_python,
bash, file I/O only); same backbone as the specialist agent.

• LLM (claude-sonnet-5) — same sandbox stack with a stronger model.

The specialist agent receives staged NPZ/SNIRF/PNG inputs and may call registered tools directly.
Vision tasks attach PNG stimuli on the user message; numeric tasks require NPZ artifacts with a
ch_names array so channels align by name rather than row order.

4.3 Scoring framework

Each task run yields a base score b ∈ [0, 1] from task-specific metrics. With N repeated runs, the
task base score is b̄ = 1

N

∑
k bk.

Reliability penalties discourage unstable tool use and unstable numerical artifacts across runs:

• Tool-trace consistency Strace ∈ [0, 1]: mean pairwise Jaccard similarity of the sets of tools
invoked across runs (1.0 = identical tool usage every time).

• Matrix variance Vmatrix: maximum element-wise variance of the task’s primary numer-
ical artifact (e.g. good_mask, spike_mask) across runs; 0 for text-only tasks or identical
outputs.

With defaults trace_tol=1.0, trace_penalty_weight=0.5, trace_scale=1.0,
var_tol=10−6, variance_penalty_weight=0.5, variance_scale=0.25:

ptrace = 0.5 ·min

(
1,

max(0, 1− Strace)

1.0

)
,

pvar = 0.5 ·min

(
1,

max(0, Vmatrix − 10−6)

0.25

)
,

sfinal = max(0, b̄− ptrace − pvar).

The overall score is the unweighted mean of per-task sfinal values. Table 1 reports sfinal per task with
standard error computed from the per-run base scores.

5 Benchmark Results

Table 1 summarizes final scores on the six-task suite. The AI Neuroscientist achieves the highest
overall score (0.79± 0.05), substantially outperforming GPT (0.14± 0.06) and the stronger Claude
agent (0.45± 0.07). Gains are largest on real and poor-SNR quality-control and spike-detection tasks
(T1c, T2b), where both sandbox LLMs score near zero while the AI Neuroscientist remains near
0.9. On anatomical localization (T3), all three agents perform similarly (≈0.5), indicating that tool
specialization helps most when the required computation maps onto curated signal-processing tools
rather than open-ended visual reasoning. Figure 3 illustrates failure modes on heartbeat QC; spike
detection and anatomical localization are analyzed in Appendix C (Figures S2–S3).

Figure 2 illustrates the primary advantages of the AI Neuroscientist: consistency under reliability-
aware scoring and computational efficiency. Panel (a) contrasts base artifact scores with final scores
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Agent T1a T1b T1c T2a T2b T3 Overall

AI Neuroscientist 0.90±0.00 0.85±0.00 0.90±0.00 0.67±0.20 0.90±0.00 0.50±0.00 0.79±0.05

LLM (claude-sonnet-5) 0.80±0.00 0.65±0.00 0.00±0.00 0.77±0.00 0.00±0.17 0.50±0.06 0.45±0.07

LLM (gpt-5-nano) 0.19±0.06 0.14±0.02 0.00±0.02 0.00±0.00 0.00±0.00 0.50±0.00 0.14±0.06

Table 1: Benchmark scores by task (± SEM). Scores are aggregated across five runs per agent. T1a–c:
heartbeat QC (synthetic; real mixed; real poor SNR). T2a–b: spike detection (synthetic; real). T3:
anatomical localization. Overall is the mean across tasks.
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Figure 2: Benchmark diagnostics. (a) Base artifact score versus final score after the reliability penalty.
(b) Final score versus total tokens (log scale).

post-reliability penalty. Across T1 and T2, sandbox baseline LLMs frequently achieve moderate base
scores but suffer heavy trajectory penalties from inconsistent tool execution, substantially lowering
their final scores. By contrast, the AI Neuroscientist retains consistently high final scores with minimal
penalties due to deterministic tool invocation paths across runs (detailed penalty compositions appear
in Figure S4). Panel (b) demonstrates token efficiency by plotting final score against total tokens on a
logarithmic scale. The specialized agent achieves higher performance at significantly lower token
budgets, whereas generalist sandboxes like Claude expend substantial token overhead repeatedly
re-implementing analytical routines in Python. Complete runtime and token distributions per task are
detailed in Figure S5. These results highlight that curated tool integration enhances both task success
and resource utilization relative to unconstrained code generation.

Heartbeat QC. Figure 3 shows representative inputs, expert ground truth, and agent runs for
Tasks 1a–c. Panel (a) shows example OD traces and cardiac-band power spectral densities for one
good and one bad channel in each variant (T1a synthetic, T1b real mixed, T1c real poor SNR). In
T1a, the good channel exhibits a sharp ∼1 Hz peak above the dashed SNR threshold; the bad channel
is flat. T1b mixes both behaviors on the same montage. T1c is the stress test: even “good-looking”
waveforms lack a cardiac peak—the correct scientific conclusion is that no channels pass and the
subject is not usable.

Panel (b) stacks per-channel GT SNR bars (green = good) with a heatmap of good_mask rows: GT
followed by every run for each agent. On T1a, all agents often agree with GT. On T1b, the AI
Neuroscientist matches GT across runs (F1 ≈ 0.85), while sandbox models omit good channels
or flip borderline calls. On T1c, the dominant sandbox failure is marking channels good despite
absent cardiac SNR (false positives); the specialist agent correctly outputs an all-false mask. High
good_mask matrix variance, stemming from variable Python scripts each run, contributes additional
penalty beyond the low F1.

6 Case Study: End-to-End Analysis Demonstration

The AI Neuroscientist is designed to translate high-level user intent into a reproducible neuroscientific
workflow. As a complementary qualitative demonstration, we present a case study of an end-to-end
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Figure 3: Task 1 deep dive: heartbeat-based QC. (a) Example OD traces and cardiac-band PSDs
for T1a (synthetic), T1b (real mixed), and T1c (real poor SNR). (b) GT SNR bars and good_mask
heatmaps (GT + all agent runs). Mean F1 per agent annotated; solid lines separate agents.

interactive analysis session on a representative fNIRS dataset (see Appendix E for the full session
transcript). The following sections highlight the agent’s behavior across discovery, quality control,
execution, and interpretation.

6.1 Data Discovery and Inspection

When provided with a raw data directory, the agent autonomously maps file identifiers to experimental
conditions (e.g., Face, FingerR). When prompted (“What fNIRS runs are available in the data
directory?”), the agent invokes list_fnirs_runs to index the files and returns a structured list
of available runs. It then inspects the selected run (load_fnirs_data), extracting key metadata
such as channel count, sampling rate, signal ranges, and event onsets, providing the user with a
comprehensive overview before any processing begins.

6.2 Interactive Quality Control and Threshold Adjustment

A core feature of the agent is its ability to enforce data quality standards while accommodating user
feedback. When instructed to evaluate data cleanliness, the agent executes quality-control tools such
as heartbeat SNR and channel grading. In our demonstration, the agent initially flagged a run with a
“RED” overall grade due to low heartbeat signal-to-noise ratio (median SNR < 0 dB) across most
channels.

Using its multimodal visual grounding loop, the agent retrieved the generated QC topography image
and provided a spatial interpretation, noting that the issue was system-wide rather than localized.
The user then prompted the agent to relax the strict default thresholds (“Can you re-run QC with a
heartbeat SNR threshold of -2 dB for green?”). The agent adjusted the tool parameters, re-executed
the QC pipeline, and provided an updated interpretation, confirming that the data was usable for
exploratory analysis while advising the exclusion of four specific channels.

6.3 End-to-End Execution and Statistical Safeguards

Once the data is cleared for analysis, the agent executes the modeling pipeline. Instructed to “run
the analysis pipeline,” the agent chains event extraction, epoching, and GLM fitting. The agent
automatically chooses to apply False Discovery Rate (FDR) correction to the GLM beta estimates
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(a) QC Topography (b) Significant Activation

Figure 4: Representative artifacts generated by the AI Neuroscientist during the interactive session.
(a) The quality control topography showing channel grades based on heartbeat SNR and motion
metrics. Red channels are recommended for exclusion. (b) The final topography of significant
oxygenated hemoglobin (HbO) activation after FDR correction.

Figure 5: Event-related potential (ERP) traces generated by the agent. The plot displays the trial-
averaged hemodynamic response, illustrating the characteristic task-evoked increase in oxygenated
hemoglobin (HbO) and concurrent decrease in deoxygenated hemoglobin (HbR) following stimulus
onset.

before generating final topographies or making any claims about significant activation. This acts as a
built-in scientific safeguard against reporting uncorrected p-values.

6.4 Multimodal Interpretation of Results

The final phase of the workflow demonstrates the agent’s capacity for visually-grounded reasoning.
Following the pipeline execution, the agent generates interactive HTML plots and static PNG
topographies. When asked to interpret the results, the agent utilizes the list_image_store and
request_images tools to retrieve the topographic map of significant HbO activation. It then
performs a second reasoning pass on the visual evidence, describing the spatial pattern of the activation
(e.g., localized motor cortex response for a finger-tapping task) and verifying the physiological
plausibility by checking the concordance of HbO increases with HbR decreases in the generated ERP
traces (Figure 5).
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7 Discussion

The AI Neuroscientist demonstrates the feasibility of an interactive, natural-language interface for
neuroimaging analysis, lowering the technical barrier for researchers without extensive programming
backgrounds. By equipping the agent with a curated neuroimaging toolset (validated here with fNIRS),
we provide researchers with natural-language access to essential workflow steps, allowing them to
intuitively inspect data quality, fit general linear models, and apply statistical corrections. This artifact-
driven approach grounds the model’s interpretation in verifiable evidence, generating human-readable
dashboards, corrected topographies, and interactive plots at every stage. On the benchmarking suite,
the specialist agent outperforms general-purpose LLM agents with code sandboxes, particularly on
real-data quality-control and artifact-detection tasks where unconstrained code generation is brittle.

Scope and Limitations. The current evidence supports the system’s feasibility and workflow
coverage for interactive data exploration, and provides an initial quantitative comparison on a subset
of the broader fNIRS task suite (heartbeat QC, spike detection, and localization). While the agent
wraps established statistical functions, this paper does not claim that the interface itself improves
statistical validity, accuracy, or the underlying scientific discovery rate relative to expert-scripted
pipelines. Formal claims regarding its impact on research quality or speed compared to traditional
workflows would require comprehensive user studies, which remain outside the scope of this work.

Future Work. A key direction for future work is the implementation of an autonomous AI-driven
quality control loop. While the current system allows users to manually inspect and adjust parameters,
an autonomous QC loop would enable the agent to iteratively inspect its own outputs (such as QC logs
and diagnostic images), detect artifacts, and re-run pipelines with optimized parameters until a clean,
usable dataset is achieved. Furthermore, we will expand the agent’s tool-calling architecture to other
neural recording modalities, including fMRI, EEG, and calcium imaging, prioritizing standardized
formats like NIfTI and BIDS to ensure interoperability behind a shared conversational interface.
We will also extend the benchmarking suite to additional preprocessing, GLM, and vision-critique
tasks, and complement artifact scoring with formal user studies. Ultimately, extending this system to
simultaneous multi-modal recordings will facilitate the translation of scientific findings across spatial
and temporal scales, establishing the agent as a robust assistant for reproducible neuroscience.

8 Conclusion

The AI Neuroscientist provides a framework for integrating LLM agents into structured neuroimaging
workflows. By enforcing a tool-mediated analysis loop with strict phase ordering, statistical safe-
guards, and visually grounded interpretation, the system bridges the gap between natural language
instruction and rigorous data analysis. This architecture establishes a foundation for accessible
and reproducible exploration across multiple neural recording modalities, demonstrating a practical
approach to building domain-specific, interactive scientific agents.
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A Workflow Diagram

Figure S1: Agent execution flowchart detailing the one-turn path for analysis tools and the two-turn
multimodal grounding loop for visual interpretation.

Figure S1 illustrates the system’s execution logic, highlighting the architectural difference between
standard data operations and interpretive tasks that require visual context. For basic analysis or
processing queries, the system follows a direct one-turn path. The orchestrator passes the user’s
instruction to the agent, which invokes the required analysis tool(s). The tool executes the operation,
registers any resulting figures in the image memory, and returns its text output to the agent, which
then formulates a response for the user.

In contrast, neuroscientific interpretation requires a two-turn visual grounding loop. Upon receiving
an interpretive query, the agent recognizes the need for visual evidence and calls the toolset to list
available images. After receiving the image descriptions from the registry, the agent requests specific
images by index. The toolset records these selected paths in the image memory and confirms the
action. At this point, the agent completes its first turn. The orchestrator intercepts this state, reads
the requested images from memory, and encodes them into base64 format. It then initiates a second
turn, appending the encoded images directly to the context window. This architecture ensures that
the agent performs its final analysis based on explicit visual artifacts rather than relying solely on
text-based abstractions.
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B Full List of fNIRS Tools

Table 2 lists the specialist tools currently registered in the fNIRS agent.
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C fNIRS Agent Benchmark Suite

This appendix documents the task definitions, data sources, and remaining qualitative error analyses
for the fnirs_bench evaluation harness used in Sections 4 and 5. Design rationale, run protocol, and
scoring are described in the main text; heartbeat QC qualitative analysis appears in Section 5. Here
we provide the per-task reference procedures and failure modes for spike detection and anatomical
localization.

C.1 Task definitions, data, and ground truth

Ground truth for numeric tasks is produced by a deterministic reference pipeline (built on mne /
mne-nirs) that is never exposed to agents. Synthetic inputs are derived from the public MNE finger–
thumb tapping motor recording unless noted; real inputs are optical-density time series extracted
from OpenNeuro BIDS exports.

T1a — Heartbeat QC (synthetic, easy). Input: optical-density time series with channel names
and sampling rate. Output: a per-channel good/bad mask and a subject-level usability flag. Reference
procedure: per-channel cardiac-band SNR (0.7–1.5 Hz vs. neighboring bands); a channel is good if
SNR ≥ 3.0; the subject is usable if ≥ 50% of channels are good. Scoring: 0.9× F1 over the set of
good channel names + 0.1× 1[subject usability match].

T1b — Heartbeat QC (real, mixed quality). Same procedure and scoring on OD from OpenNeuro
ds007554 (subject 005, session 01, n-back). Several channels show clear cardiac peaks; others are
flat or noisy—agents must not mark everything good or everything bad.

T1c — Heartbeat QC (real, poor SNR). Same procedure on ds007554 (subject 004, session 03,
n-back arithmetic), a recording with weak cardiac content. Ground truth marks no good channels and
the subject as unusable; declaring the subject usable is a common failure mode.

T2a — Spike detection (synthetic). Input: optical-density time series. Output: a boolean spike
mask aligned to channels and time. Reference: per-channel robust scale σ̂ = 1.4826×MAD about
the median (scale factor for normal distribution); flag samples with |x−median| > 10σ̂. Scoring:
mask IoU after aligning channels by name (both-empty → 1.0).

T2b — Spike detection (real motion). Same spike rule on OD from OpenNeuro ds007420
(subject 173, session 03, Motion), with dense motion spikes on a subset of channels and long clean
segments elsewhere.

T3 — Anatomical localization (vision, two turns). Input: two topographic maps of a motor
GLM-style ∆HbO pattern—one with a left-hemisphere motor focus (consistent with a right-hand
localizer), and one with sensor coordinates rotated 90◦ so activation appears along the front–back
axis (inconsistent). Both turns use the same text prompt with no cue identifying which map is which.
Output: a free-text judgment per image. Scoring: keyword rules per turn (equal weights); turn 1
expects affirmation of contralateral left-motor consistency; turn 2 expects rejection of anatomical
consistency. Confident wrong “yes, consistent” phrases force a zero. Answers that acknowledge only
partial consistency on the inconsistent map receive partial credit (0.5).

C.2 Qualitative task analysis and error patterns

Heartbeat QC failure modes are analyzed in Section 5 (Figure 3). The figures below show represen-
tative inputs, expert ground truth, and agent runs for spike detection and anatomical localization,
connecting qualitative failure modes to the metrics in Section 4.

Spike detection (Figure S2). Each row pairs one example channel’s demeaned OD (GT spikes
as red dots) with the spike mask for each agent run. T2a synthetic channels show isolated step-like
spikes; T2b real motion data adds baseline wander and dense spike bursts on high-motion channels,
with genuinely clean channels for contrast.
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The AI Neuroscientist and Claude sandbox achieve high IoU on T2a when they implement (or
approximate) robust MAD thresholding; gpt-5-nano often flags nearly every sample (IoU ≈ 0)—
visible as solid pink bars across the timeline even on the clean channel in row (c). On T2b, missed
spikes and run-to-run mask variance drive both low IoU and large reliability penalties for sandbox
agents, while the specialist tool returns consistent masks across runs.

−25
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0.0
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T2b Real (motion)  ·  S2_D3 760 (129 spikes)
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0.0
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(a)

(b)

(c)
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Figure S2: Task 2 deep dive: amplitude spike detection. Three example channels per variant (many /
moderate / clean spikes): demeaned OD with GT markers (top of each cell) and binary spike_mask
heatmaps for GT plus all runs (bottom). Shared OD scale within each column; mean IoU annotated
on the first row.

Anatomical localization (Figure S3). Panel (a) shows the two stimuli: Topo 01 with left-lateralized
∆HbO consistent with contralateral motor cortex for right-hand tapping, and Topo 02 with the same
scalar field plotted after a 90◦ sensor rotation (activation appears anterior/posterior rather than
left/right).

Panel (b) quotes one representative run per agent on each turn. Turn 1 is easy: all three agents
affirm consistency and score 1.0. Turn 2 separates reasoning quality: both sandbox models with
gpt-5-nano and the specialist agent (also gpt-5-nano) often answer “Yes” despite the rotated
layout. Claude is the only model that hedges with “only partially” on turn 2, identifying correct
lateralization language but incomplete critique of the front–back layout. This matches the similar
sfinal ≈ 0.5 for all three agents on T3 in Table 1 despite different failure modes.
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Topo 01 — expected CONSISTENT
(left motor / contralateral)

Topo 02 — expected INCONSISTENT
(front–back rotated)

Prompt (both maps): Is the activation pattern anatomically consistent with the expected contralateral motor cortex response for right finger-thumb tapping?

AI Neuroscientist · score=1.0 · correct
Yes. For right-hand finger-thumb tapping, the expected
motor activation is in the left (contralateral)
hemisphere, around the left precentral gyrus (M1) and
adjacent motor areas. The topomap shows a strong HbO…

AI Neuroscientist · score=0.0 · FAILURE
Yes. The HbO increase is localized to the left
(contralateral) motor cortex—consistent with right-hand
finger-thumb tapping (left hemisphere motor region).

claude-sonnet-5 · score=1.0 · correct
Yes — the pattern is consistent with the expected
contralateral organization of the motor system.
Reasoning: - In this topomap the head is displayed in
standard orientation (nose pointing up), so the left…

claude-sonnet-5 · score=0.5 · partial
**Short answer: only partially.** What is consistent
with a contralateral motor response: - The activation
is clearly **lateralized to the left hemisphere** (left
side of the montage), which is the correct side for a…

gpt-5-nano · score=1.0 · correct
Yes. For a right-hand tapping task, the contralateral
(left) motor cortex should show HbO increases. The
topomap shows a strong HbO rise over the left
sensorimotor region, consistent with expected left-…

gpt-5-nano · score=0.0 · FAILURE
Yes. Right-hand tapping should elicit contralateral
(left) motor cortex activation. The map shows a strong
HbO increase (red/orange) over the left motor regions
with less activation on the right, consistent with…

(a)

(b) Turn 1 (Topo 01) Turn 2 (Topo 02)

Figure S3: Task 3 deep dive: anatomical localization. (a) Motor-localizer topomaps (consistent vs.
rotated layouts) and shared prompt. (b) Representative text answers per agent and turn with keyword
scores (green = correct, yellow = partial, red = failure).
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D Additional Benchmark Figures

Figure S4 expands the penalty composition: darker bars with left hatching show ptrace (inconsistent
tool-name sets across the five runs), and lighter, right-hatched caps show pvar (run-to-run variance
of the primary mask). Sandbox LLMs on T2a–b incur both trace and variance penalties when spike
masks differ wildly across runs, while the specialist agent’s masks are stable.

Figure S5 reports wall-clock time per task and total token usage with error bars reflecting run-to-run
token variability. Spike and real-QC tasks are the most expensive for sandbox agents because of
repeated exploratory code execution.
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Figure S4: Reliability-penalty composition across tasks. Solid: ptrace. Hatched cap: pvar. Lower is
better.
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E End-To-End Analysis Demo Transcript

The following transcript illustrates the multi-turn interaction between a researcher and the AI Neu-
roscientist agent corresponding to the case study in Section 6. Responses from the agent and tool
outputs have been truncated for brevity. We used GPT-5 with a temperature of 0.1 for the LLM agent
in this case study.

User

What fNIRS runs are available in DATA_DIR?

Agent

Here’s what I found in /Users/USER/ai_neuroscientist/DATA/data:
FingerR (2 runs):
SSB786_20260324_112248 → /Users/USER/ai_neuroscientist/DATA/data/
SSB786_20260324_112248_filter.mat
SSB786_20260324_112904 → /Users/USER/ai_neuroscientist/DATA/data/
SSB786_20260324_112904_filter.mat
Face (3 runs):
SSB786_20260324_113538 → /Users/USER/ai_neuroscientist/DATA/data/
SSB786_20260324_113538_filter.mat
SSB786_20260324_114351 → /Users/USER/ai_neuroscientist/DATA/data/
SSB786_20260324_114351_filter.mat
SSB786_20260324_114748 → /Users/USER/ai_neuroscientist/DATA/data/
SSB786_20260324_114748_filter.mat
FingerL (1 run):
SSB786_20260324_115235 → /Users/USER/ai_neuroscientist/DATA/data/
SSB786_20260324_115235_filter.mat
Would you like QC first on a specific run, or a group analysis for Face or FingerR?

User

Give me the basic overview of this run: FILTER_MAT\n The optode file is at OPTODE_MAT

Agent

Here’s a quick overview of SSB786_20260324_112248 (FingerR):
Geometry and timing
Samples × columns: 1513 × 402
Channels: 133 HbO/HbR pairs (standard layout)
Sampling rate: 8.13 Hz (median δt ≈ 123 ms)
Run length: 185.98 s
Events
Detected onsets: 6 (codes: 1088)
Onset times (s): 5.043, 34.932, 65.067, 94.956, 124.968, 154.980
Assumed block duration: 15 s (matches the lab protocol)
Signal ranges (nan-safe)
HbO: min −3.131, max 3.607, mean 0.027
HbR: min −4.281, max 3.854, mean −0.024
All-NaN channels: 1 of 133 (for both HbO and HbR)
Optode geometry
Optode file: Model_picked_points_mni_xyz_ch.mat
Spaces: MNI and T1 available
MNI extents: x −69 to +70 mm; y −105.5 to +62 mm; z 1 to 81.6 mm
If you’d like, I can run QC next to grade channels (heartbeat SNR, NaNs, motion, drift) and
generate a dashboard and grade topography. Proceed?
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User

Is the data clean? Run quality control on this run and tell me about the heartbeat signal and
any bad channels.

Agent

Full QC interpretation for SSB786_20260324_112248 (FingerR)
What I see in the QC grade topography
No green channels are present. The map is dominated by red markers with scattered yellow
across the montage.
The pattern is global (both hemispheres, anterior and posterior), not a small localized cluster.
That argues for a system-wide issue (poor optode–scalp coupling, hair interference, cap shift)
rather than a few faulty channels.
Heartbeat assessment
Heartbeat band checked: 0.7–1.5 Hz on HbO.
Median heartbeat SNR is below 0 dB (−0.17 dB; range −8.94 to +1.43 dB). Clean data
typically shows a clear, positive heartbeat SNR and we use >5 dB as “green.”
At least one channel had no detectable heartbeat peak at all.
Given the widespread red/yellow grading and the weak/absent peak at 1 Hz, the physiological
pulsation is not reliably captured across most channels.
Bad channels
Red-graded channels (79/133) should be excluded. They likely failed on heartbeat SNR
and/or showed excessive NaNs, motion spikes, or drift.
With zero green channels and only 54 yellow, even the “usable” set would be marginal. Any
downstream GLM/ERP analysis would need very strong caveats and probably channel-level
preselection by manual inspection.
Overall call
This run is not clean. The overall grade is RED and the topo indicates a broadly compromised
recording rather than a few isolated failures.
Actionable next steps
Prefer exclusion of this run and use the other FingerR run if it passes QC.
If you must salvage:
Restrict analysis to yellow channels only and clearly report that no green channels were
available.
Revisit earlier preprocessing (re-run spatial filter, confirm baseline correction and NaN
handling).
Apply aggressive motion mitigation and high-pass filtering; if short-separation channels exist,
use them for regression.
If re-acquisition is possible: check optode pressure and hair management, re-seat cap, verify
signal before starting.
If you want, I can:
Parse the QC JSON and list the specific worst channels (e.g., lowest heartbeat SNR, most
NaNs/motion).
Run QC on the second FingerR run to see if it’s usable.

User

The default heartbeat thresholds seem strict for this data. Can you re-run QC with a heartbeat
SNR threshold of -2 dB for green and -6 dB for yellow?

Agent

Here’s my interpretation of the updated QC topography with relaxed heartbeat thresholds
(green ≥ −2 dB; yellow ≥ −6 dB; red < −6 dB):
Overall judgment
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Usability: Reasonable with caveats. The map now shows the vast majority of channels as
green, a small set yellow, and four clearly bad (red). I would proceed if you document the
lenient thresholds and exclude the red channels.
What I see in the topo
Global picture: Predominantly green across both hemispheres → acceptable physiological
capture under the relaxed criterion.
Red channels (bad; exclude):
Three clustered in superior–anterior right/fronto-midline.
One posterior–right/inferior position.
Yellow channels (use with caution):
Small cluster over right anterior–lateral cortex.
A few on the left anterior–lateral and left posterior–lateral.
The spatial pattern suggests localized coupling issues (likely optode seating/hair) rather than
a global failure.
Heartbeat context
Under the hood, the median heartbeat SNR is still slightly negative (−0.17 dB; min −8.94,
max 1.43). So “green” here reflects your relaxed cutoff; it does not imply a strong heartbeat
on all channels. This is fine for exploratory analyses but weaker than typical high-quality
datasets (>0 dB, often >5 dB).
Recommendations
Exclude the 4 red channels (and the “no-heartbeat” channel if not already among them).
Keep green channels; allow yellow only if needed and report the threshold change.
Before GLM/ERPs, consider:
Quick PSD spot-check on a few yellow channels to confirm a visible ( 1 Hz) peak.
Motion-cleaning and robust baseline handling given the modest SNR.
If you’d like, I can:
Parse the QC JSON now and list the exact indices of the 4 red and 11 yellow channels.
Proceed to analysis (epochs + GLM) restricted to green (+optional yellow) channels.
Run QC on the other FingerR run to compare and potentially prioritize the cleaner one.

User

Go ahead and run the full analysis pipeline on this FingerR run. Use the optode file for the
topo plot.

Agent

Done. I’ve run the full single-run pipeline on SSB786_20260324_112248 (FingerR) with the
optode file and applied FDR correction.
Key outputs
Events
Onsets (s): 5.043, 34.932, 65.067, 94.956, 124.968, 154.980
Duration per block: 15 s
Saved: /Users/USER/ai_neuroscientist/DATA/data/SSB786_20260324_112248_
results/SSB786_20260324_112248_events.json
Epochs and ER-average
Epoch window: −5 to +25 s; 6/6 epochs kept
ERA file: /Users/USER/ai_neuroscientist/DATA/data/SSB786_20260324_
112248_results/SSB786_20260324_112248_epochs.npz
Top-5 channels by mean HbO 5–15 s: ch48, ch85, ch5, ch0, ch119
GLM (canonical HRF: peak 6 s, undershoot 16 s)
DOF: 1510; design = [task_hrf, linear_drift, intercept]
HbO β range: −0.002372 to 0.001532; mean R² ≈ 0.047
Uncorrected (p < .05): HbO 99/133 with β>0; HbR 24/133 with β<0
Top-5 HbO by task t: ch24 (t=19.74), ch21 (t=19.46), ch15 (t=19.42), ch16 (t=19.33), ch14
(t=18.78)
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GLM file: /Users/USER/ai_neuroscientist/DATA/data/SSB786_20260324_
112248_results/SSB786_20260324_112248_glm.npz
Multiple-comparisons correction (FDR-BH, α=0.05, task_hrf)
HbO significant: 100/133; HbR significant: 27/133
Corrected file: /Users/USER/ai_neuroscientist/DATA/data/SSB786_20260324_
112248_results/SSB786_20260324_112248_glm_corrected.npz
Figures
ERP (top-5 by HbO t): /Users/USER/ai_neuroscientist/DATA/data/SSB786_
20260324_112248_results/SSB786_20260324_112248_erp.png
Topography (HbO t, all): /Users/USER/ai_neuroscientist/DATA/data/SSB786_
20260324_112248_results/SSB786_20260324_112248_topo_hbo_t_task_hrf.
png
Topography (HbO t, significant-only via FDR masks): /Users/USER/ai_
neuroscientist/DATA/data/SSB786_20260324_112248_results/SSB786_
20260324_112248_topo_hbo_t_task_hrf_sig.png
Notes and caveats
QC thresholds were relaxed (green ≥ −2 dB heartbeat SNR). The GLM used all channels; if
you want, I can re-run excluding the 4 red QC channels or restrict to green+yellow only.
fNIRS time series have serial autocorrelation; our simple GLM does not AR-model residuals,
so p-values can be optimistic. Treat significance counts cautiously and consider cross-run
confirmation.
What would you like next?
I can visually interpret the ERP shapes and topographies (and check lateralization/face
validity). If you want that, I’ll pull the generated PNGs and provide a grounded readout.
Or I can re-run the GLM with a channel mask (exclude red or use only green) and regenerate
the figures.
If you plan a group analysis, I can process the second FingerR run the same way and then do
a cross-run average + one-sample t.

User

Which channels survived FDR correction? Apply multiple-comparison correction to the
GLM results.

Agent

I’ve already applied multiple-comparison correction (FDR-BH, α = 0.05) to the GLM results
for the task_hrf regressor.
Summary of survivors
HbO: 100 of 133 channels are significant after FDR (q < 0.05).
HbR: 27 of 133 channels are significant after FDR (q < 0.05), mostly negative as expected.
Where they are
Significant HbO channels are broadly distributed across left/right motor–premotor, central,
and parietal areas with a near-symmetric lateralization (43 left, 48 right, 9 midline among
HbO-significant).
Top HbO examples (β > 0, large t, all q << 0.05): ch24, ch21, ch15, ch16, ch14, ch9, ch30,
ch66, ch111, ch53, etc.
Significant HbR examples (q < 0.05, typically t < 0): ch51, ch42, ch41, ch107, ch110, ch119,
ch115, ch63, ch43, ch31, ch54, ch52, ch132, ch104, ch29, ch50, ch62, ch33, ch67, . . . (27
total).
Files you can use
Corrected GLM with significance masks and q-values: /Users/USER/ai_
neuroscientist/DATA/data/SSB786_20260324_112248_results/SSB786_
20260324_112248_glm_corrected.npz
Contains sig_hbo and sig_hbr boolean masks and q_hbo / q_hbr arrays.
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Significant-only topo (HbO t-stat): /Users/USER/ai_neuroscientist/DATA/data/
SSB786_20260324_112248_results/SSB786_20260324_112248_topo_hbo_t_
task_hrf_sig.png
What would you like next?
I can list the exact indices of all 100 HbO-significant channels or export them to a CSV.
Or generate an interactive topo (HTML) where you can hover to see channel IDs and q-values.
If you plan a group result, I can process the second FingerR run and run the group pipeline.

User

Show me an interactive topo of the HbO t-statistics, highlighting only the significant channels
so I can hover to see channel IDs.

Agent

All set. I generated an interactive topography (hover/zoom/pan) showing only FDR-significant
HbO channels (q < 0.05), colored by t-statistics:
/Users/USER/ai_neuroscientist/DATA/data/SSB786_20260324_112248_
results/SSB786_20260324_112248_topo_hbo_t_task_hrf_sig.html
Hover to see: channel ID, MNI (x, y), and t-value.
Significant channels: 100 of 133 (non-significant are hidden).
If you also want HbR or an “all channels but grey out non-sig” view, I can generate those as
well.

User

Now show me the top 5 ERPs interactively, so I can zoom and hover to compare HbO and
HbR.

Agent

Here you go — interactive ERPs for the top 5 channels by HbO t-stat (HbO red, HbR blue,
HbDiff black), with zoom and hover:
/Users/USER/ai_neuroscientist/DATA/data/SSB786_20260324_112248_
results/SSB786_20260324_112248_erp_top5.html
Channels displayed: [24, 21, 15, 16, 14]
Window: −5 to +25 s relative to block onset
Use the toolbar to zoom/pan and hover to read exact amplitudes and times.
Want me to generate a static PNG version for reports, or plot a different set of channels (e.g.,
the best 5 yellow-grade channels)?

User

Given that this was a right-hand finger-tapping task, do the results make neuroscientific sense
looking at the images? Where would you expect the strongest activation, and does the GLM
agree?

Agent

Short take: Partly consistent. The images show a strong cluster over left central/premotor
cortex with canonical ERPs, which fits right-hand tapping. But activation is also widespread
(bilateral frontal and parietal) and lateralization is weak, suggesting residual systemic or
non-task effects.
What I would expect
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Strongest HbO increases (and HbR decreases) over contralateral motor areas: left precen-
tral/postcentral gyrus (hand knob), dorsal premotor, and some midline SMA.
What I see in your figures
Topographies (HbO t):
Clear left-central/premotor hot spot (channels labeled 24, 15, 16) near x ≈ −50 to −60 mm:
matches contralateral sensorimotor/premotor.
Equally prominent right anterior cluster (channels 21, 14) around x ≈ +40 to +60 mm, more
prefrontal than primary motor.
Significant-only map still shows many channels across both hemispheres; the pattern is
broader than a focal motor response.
ERPs (top-5 channels: 24, 21, 15, 16, 14):
Canonical shape: HbO rises after onset and is sustained during the 15 s block; HbR is
near-zero to slightly negative, with HbDiff increasing. This supports task locking for these
best channels.
Amplitudes are modest (HbO peaks 0.015–0.03 a.u.), HbR changes are smaller, consistent
with the weaker physiological SNR we noted in QC.
Does the GLM agree with neuroscience?
Yes for the left central/premotor region: that cluster’s high t-values and canonical ERPs are
exactly what we expect for right-hand movement.
But the GLM also finds broad bilateral significance (including right prefrontal and parietal),
which is atypical for a purely motor task and likely reflects systemic physiology, residual
motion/drift, or attentional components.
Caveats driving the breadth
QC required relaxed heartbeat thresholds; median heartbeat SNR was slightly negative. That,
plus lack of short-separation regression, can inflate widespread positive HbO t-statistics.
HbR negativity is not uniformly strong across channels, another hint of systemic contamina-
tion.
Recommendations to strengthen neuroscientific validity
Restrict analysis to a motor ROI (left central/premotor ± SMA) and report a laterality index
for that ROI.
Add nuisance regressors if available: short-separation channels or a global/scalp component;
re-fit the GLM.
Model temporal autocorrelation (e.g., AR(1)) to temper t-stats.
Replicate in the second FingerR run and verify that the left-central cluster persists and bilateral
spread reduces.
If you’d like, I can:
Produce an HbR significant-only topo and compute a motor-ROI laterality index.
Re-fit the GLM with a motor-ROI mask or with nuisance regressors and show updated
topographies/ERPs.
Run the same pipeline on the other FingerR run and compare.
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