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ABSTRACT

The integration of Large Language Models (LLMs) into decision-support loops introduces a critical challenge: the opacity of Al reason-ing creates a gap
between system capability and human trust. While Explainable AI (XAI) attempts to bridge this gap, static explanations often overwhelm users under stress
or provide insufficient detail during calm phases. This paper introduces the Neuro-Symbiotic Synchro-nization (NSS) Protocol, a novel framework that
utilizes closed-loop physiological feedback to dynamically calibrate trust and modulate the complexity of Al explanations in real-time.

We propose a control-theoretic model where human cognitive load acts as a regulating signal for the AT’s output channel. We mathematically formulate a
“Trust Oscillator” that updates trust estimates based on performance discrepancies and penalizes cognitive overload. Through a simulation study involving
a Smart Grid emergency management sce-nario, we demonstrate that the NSS framework significantly improves decision accuracy (by 7.4%) and reduces
cognitive workload (NASA-TLX) by 35% compared to static interfaces. Our results suggest that symbiotic Human-AI collaboration requires biologically-

informed adap-tation rather than purely logic-driven transparency.
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Introduction

As Artificial Intelligence (Al) systems transition from automated
tools to collab-orative agents, the paradigm of Human-Al
Interaction (HAI) is shifting toward Human-Al Teaming. In
high-stakes environments such as healthcare, aerospace, and
critical infrastructure, the effectiveness of these teams depends not
only on the accuracy of the Al but also on the human operator’s
ability to rely on it appropriately—a phenomenon known as trust
calibration [1].

The Neuro-Symbiotic Synchronization Framework

Current approaches to foster trust, primarily through Explainable
Al (XAI), assume a one-size-fits-all communication strategy.
Standard XAI systems generate detailed explanations (e.g.,
attribution maps, chain-of-thought) regardless of the user’s current
cognitive capacity. However, human cognitive resource are finite
and fluctuating. Presenting a complex rationale during high-stress
or high-cognitive-load situations creates a “bottleneck,” potentially
leading to user disengagement or decision paralysis [2].

This paper addresses the fundamental mismatch between static
Al explanations and dynamic human cognition. We introduce the
Neuro-Symbiotic Synchronization (NSS) Protocol. Drawing on
principles from control theory and physiological computing, the
NSS framework treats the human-Al dyad as a coupled system.

The Al continuously monitors the user’s physiological state
(EEG, HRV) to infer cognitive load and adjusts its “informational
bandwidth” accordingly. Our key contributions are:

1. A formal mathematical model of the Trust Oscillator,
incorporating performance feedback and cognitive fatigue.

2. The definition of a Contextual Explainability Space, where Al
response complexity is a function of real-time physiological
state.

3. An empirical evaluation demonstrating that biologically-
adaptive interfaces outperform static and standard XAI
interfaces in a crisis management simulation.

Related Work

Trust in Autonomous Systems

Trust is a multidimensional construct involving performance,
process, and purpose [1]. Research has shown that trust is dynamic;
it evolves based on interaction history [3]. However, most models
rely on observable behavior (e.g., clicking “ignore”) rather than
implicit physiological signals. Recent work in “implicit trust
measurement” uses EEG and eye-tracking to detect mistrust, yet
these systems often lack a mechanism to actuate change based
on that detection [4].

Adaptive Interfaces

Adaptive User Interfaces (AUI) modify the presentation of
information based on user models. In the context of LLMs, recent
studies have explored adapting the “temperature” or verbosity

J Viro Res Rep, 2026

Volume 7(2): 1-3



Citation: Fernando May Fuentes (2026) Neuro-Symbiotic Loops: Trust Calibration and Adaptive Synchronization in Human-AI Decision Making. Journal of Virology

Research & Reports. SRC/JVRR-202. DOI: doi.org/10.47363/JVRR/2026(7)185

based on user feedback [5]. The NSS framework extends this by
closing the loop with direct neural measurement, bypassing the
latency of behavioral feedback.

The Neuro-Digital Context

This work builds upon the architectural foundations of the Neuro
Digital Adaptive Network (NDAN) [6]. While NDAN established
the hardware stack for neural data flow, NSS provides the
algorithmic logic required to utilize that data for trust calibration
and real-time synchronization.

The NSS framework consists of three coupled layers: the
Physiological Sensing Layer, the Cognitive State Estimator, and
the Adaptive Reasoning Engine.

System Architecture

We view the human-Al team as a closed-loop control system.
The AI acts as a controller attempting to maintain the human
operator’s performance at an optimal level by modulating the
flow of information.

1. Human (H): The plant. Characterized by an internal state
Shuman (Cognitive Load, Trust).

2. Interface (/): The actuator. Converts Al decisions into
human-readable artifacts.

3. Al Controller (C): The brain. Estimates Shuman and selects
the optimal actuation modality.

State Estimation and Cognitive Load Index
The Al aggregates multimodal sensor data into a Cognitive Load
Index (/cr) ranging from O to 1. This is derived using a weighted
linear combination of normalized features:

EEGy
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where wi are empirically determined weights. An IcL close to 1
indicates the user is approaching cognitive saturation.

The Trust Oscillator
Trust is modeled as a dynamic variable 7' € [0, 1] that evolves
over discrete time steps t. We define the update rule as:

Tt+l - Tt + o (Perfai - Perfe.rpected) - 3 ' ICL (2)

o: Learning rate constant. * Perfai — Perfexpeciea: The performance
discrepancy. Positive if Al meets/exceeds expectations. * 5: The
Fatigue Penalty. Even if the Al performs well, prolonged high
cognitive load (IcL — 1) erodes trust due to frustration.

Contextual Explainability Protocol

The Al selects a communication modality M € M from the set
M = {High-Granularity, Summary, Visual} based on the state
vector [Tz, IcL]:

High-Granularity (CoT)
Summary & Action
Visual/Alert Only

if Ior, < 0.3AT, > 0.7
f03< I, <07VT, <04
if Icr > 0.7 (Emergency Mode)

Mciected =

(€)

This ensures the Al provides rich context when the user is capable,
and switches to minimal, high-signal output when the user is
overloaded.

Methodology

Experimental Setup

We conducted a user study involving 30 participants acting as
operators in a Smart Grid Emergency Response simulation. The
task required managing power distribution during simulated
weather events (e.g., redirecting load, isolating faults).

Conditions

Participants were randomly assigned to one of three between-

subject conditions:

1. Static AI: An LLM-based assistant providing standard,
verbose Chain-of-Thought (CoT) explanations for every
suggestion.

2. User-Controlled XAI: An Al that provides no explanations
by default; the user must click a button to “Explain.”

3. NSS (Proposed): An Al utilizing the NSS framework to adapt
explanations based on real-time EEG/HRV data.

Metrics

Performance was evaluated using:

1. Decision Accuracy: Percentage of correct mitigation actions.

2. NASA-TLX: Subjective assessment of workload (1-100).

3. Trust Calibration Score: The correlation between system
reliability and user reliance (Lees et al., 2010).

Algorithm 1: NSS Adaptive Loop

Initialize Trust 7« 0.5 each event  in simulation Acquire biometric
signal zt Compute Cognitive Load /cr < Estimate(z¢) Generate
Al suggestion st Select Modality M « SelectModality(/cz, T)
Display st using M Record

Performance Analysis

Table 1 summarizes the performance across the three conditions.
The NSS-enabled Al achieved the highest Decision Accuracy
(89.5%) and the lowest Cog-nitive Workload (NASA — TLX =
42.1).

Table 1: Experimental Results (Mean + SD). NSS significantly
outperforms baselines (p < 0.05)

Metric Static Al User-Controlled NSS
XAI (Adaptive)

Decision 78.4+£52 82.1+£4.38 89.5+3.1

Accuracy (%)

NASA-TLX 65.2+84 584+72 42.1+6.5

(1-100)

Trust 0.61 +£0.1 0.74 £ 0.09 0.88 £ 0.04

Calibration

Avg. Response 124 +2.1 11.2+1.9 8.6+t1.2

Time (s)

A one-way ANOVA revealed significant differences in Decision
Accuracy F (2, 27) = 15.4, p < 0.001. Post-hoc Tukey tests
confirmed that the NSS condition significantly outperformed
both Static and User-Controlled conditions.

Qualitative Observations

Participants in the NSS group reported a feeling of “synchronicity,”
noting that the system “seemed to know when to shut up and let me
work,” specifically during high-stress peak events. Conversely, the
Static Al group frequently complained of “information overload”
during these peaks.
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Discussion

The results strongly support the hypothesis that effective Human-
Al collabo-ration requires dynamic symbiosis rather than static
transparency. The NSS framework’s ability to detect cognitive
overload and switch to a “Visual/Alert Only” mode prevented
decision paralysis, directly contributing to higher accuracy.

Contextual Explainability vs Global Explainability

Standard XAl seeks to make the AI’s “entire brain” transparent
at all times. Our work advocates for Contextual Explainability:
revealing only the subset of reasoning that the human’s current
neural state allows them to process. This aligns with the concept
of the “Magic Number 7 + 2” (Miller’s Law), suggesting that Al
systems must respect human cognitive channel capacity limits.

Future Work: Integrating Multi-Agent Teaming

While this study focused on a single operator, real-world scenarios
often involve teams. Future work will integrate the NSS protocol
with decentralized consensus mechanisms (such as the Cognitive
HoloChain [6]) to enable team-wide trust calibration, where the
aggregate state of the team influences the Al’s interaction style
for individual members.

Conclusion

We presented the Neuro-Symbiotic Synchronization (NSS)
Protocol, a frame-work that leverages real-time physiological
signals to dynamically calibrate trust and adapt Al communication.
By mathematically modeling trust as an oscillator influenced by
both performance and fatigue, we created a system that optimizes
the “informational bandwidth” of the Al

Experimental results in a simulated Smart Grid environment
confirm that biologically-informed adaptive interfaces significantly
outperform static approaches. This work underscores a critical
insight for the future of Al: the most advanced algorithms are
not those that simply know the most, but those that know how
to communicate with a human mind in flux.

Ethics Statement: All participants provided informed consent.
Biometric data was collected in accordance with institutional
ethical guidelines.
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