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(“Abstract )

Healthcare contact centers represent one of the most operationally complex interfaces between clinical, administrative, and payer
systems. Traditional automation rule-based interactive voice response (IVR), deterministic routing, and scripted chatbots have failed
to address the inherent variability, ambiguity, and multi-step reasoning required in healthcare interactions. Recent advances in agentic
artificial intelligence, powered by large language models (LLMs), tool orchestration frameworks, and structured autonomy protocols,
enable a new paradigm: agentic voice Al systems capable of executing healthcare workflows end-to-end with minimal human
intervention. This paper presents a comprehensive architectural and systems-level analysis of model-driven autonomous voice agents
applied to healthcare contact center operations. We introduce an agent-centric framework integrating perception, reasoning, planning,
action, and reflection into voice-driven autonomous systems. The paper examines enabling technologies, including Model Context
Protocol (MCP), multi-agent orchestration, dynamic tool invocation, confidence-driven autonomy thresholds, advanced memory
architectures, and real-time governance. We analyze how agentic voice systems transform contact centers from reactive routing hubs
into intelligent operational engines capable of executing scheduling, authorization, eligibility validation, and benefits navigation
workflows at scale. The paper addresses safety, bounded autonomy, self-healing execution patterns, and organizational
transformation considerations essential for production deployment in regulated healthcare environments.
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1. Introduction

Healthcare contact centers operate at the intersection of clinical care, insurance administration, and regulatory
compliance. Every interaction, whether from a patient, provider, pharmacist, or caregiver may require
authentication, eligibility reasoning, clinical context awareness, and multi-system coordination. Human agents
are traditionally tasked with orchestrating these workflows manually, leading to high operational costs, long
handling times, and inconsistent outcomes [1], [2].

Voice-based automation has historically focused on surface-level interaction handling menu navigation, simple
intent detection, and call routing. These approaches lack the capacity for goal-driven execution, adaptive
reasoning, and context persistence across multi-step workflows. The dominant intent classification paradigm
treats interactions as isolated events: models determine what the caller wants but have no capacity to reason
about how to accomplish the goal, manage exceptions, or adapt when circumstances change [3], [4].

Agentic voice Al represents a structural evolution beyond conversational Al. Rather than responding to
prompts, agentic systems become autonomous actors capable of planning, executing, and reflecting on tasks
on behalf of the caller. This evolution is made possible by the convergence of LLMs capable of chain-of-thought
reasoning [5], tool-augmented language models [6], emergent planning capabilities [7], and structured
interoperability protocols such as Model Context Protocol (MCP) [8]. When these capabilities are integrated
into voice-first architectures operating under healthcare regulatory constraints, the result is a new class of
autonomous operational system.

This paper presents a systems-level analysis of model-driven autonomous voice agents for regulated
healthcare operations, examining architectural design principles, enabling technologies, safety and governance
requirements, and operational transformation implications. The contributions include: (1) a layered agentic
voice architecture combining perception, reasoning, planning, execution, memory, and governance; (2) a
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framework for MCP-based deterministic tool orchestration in healthcare voice systems; (3) confidence-driven
autonomy threshold modeling for safe agentic execution; (4) multi-tier memory architecture for cross-call
continuity; and (5) an autonomous error recovery framework for self-healing healthcare workflows.

2. From Conversational Al to Agentic Voice Systems: A Structural Evolution

The progression from intent-based conversational Al to agentic systems represents a qualitative rather than
quantitative shift in system architecture. Intent classification models treat each interaction as an isolated event:
they determine the caller's immediate intent but lack memory, planning depth, or execution awareness. In
healthcare, even a seemingly simple request such as "I need to schedule a specialist visit" may require eligibility
verification, identity confirmation, clinical constraints validation, plan network lookup, availability negotiation,
and documentation updates, a multi-step goal structure that far exceeds the scope of any intent classification
model [3].

An agentic voice Al system is defined by five core capabilities. Perception encompasses understanding spoken
language, caller context, and environmental signals, including emotional state and background noise.
Reasoning involves interpreting goals, constraints, and dependencies across the conversational context and
retrieved domain knowledge. Planning decomposes goals into executable step sequences, adapting
dynamically when prerequisites are unmet or conditions change. Action invokes tools, APIs, and enterprise
workflows with typed parameters and defined success criteria. Reflection evaluates outcomes against expected
results, updates beliefs, and selects corrective actions when execution deviates from plan [9], [10].

The ReAct framework [9] demonstrated that interleaving reasoning and action steps within LLM inference
produces substantially more coherent and reliable task execution than either pure reasoning or pure action
separately. Applied to voice Al, ReAct-style agents maintain an explicit thought-action-observation loop that
produces interpretable, auditable decision traces a property of particular value in regulated healthcare
environments where every autonomous decision must be defensible to compliance reviewers. Chain-of-
thought prompting [5] further enables agents to decompose complex healthcare queries into verifiable
reasoning chains before committing to tool invocations or workflow steps.

3. Layered Architecture for Agentic Voice Al in Healthcare

The agentic voice Al architecture is organized as a layered cognitive pipeline in which each layer operates
independently while sharing structured state through defined interfaces. This modularity enables independent
scaling, testing, and governance of each architectural component.

Voice intocface layar

Cognitive camm (LLM ramsaning engine)

Planmning layer Memory layer

Exncution Layer (MCP toal archestration)

Gowernuence layes

Figure 1 — Layered agentic voice Al architecture.

The voice interface layer manages ASR transcription, TTS synthesis, and full-duplex audio session handling.
Raw audio is converted to text and enriched with prosodic and emotional metadata before being passed
upward. The cognitive core houses the primary LLM reasoning engine, responsible for goal identification,
intent disambiguation, and chain-of-thought decomposition. The planning layer receives decomposed goals
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and produces executable step sequences, represented as goal graphs rather than fixed scripts, enabling
dynamic re-planning when preconditions fail or caller constraints evolve [7].

The execution layer translates planned steps into concrete tool invocations and API calls, managing request
construction, response parsing, and failure handling. The memory layer maintains a three-tier structure: short-
term memory preserving in-session conversational state; episodic memory storing structured summaries of
prior interactions for cross-call continuity; and long-term semantic memory encoding domain knowledge,
procedural rules, and behavioral patterns. The governance layer enforces policy compliance at every execution
step, embedding authorization checks, data minimization constraints, and approval checkpoints directly into
the execution logic rather than applying them as post-hoc audits [2], [11].

4. Model Context Protocol: Governed Tool Orchestration for Healthcare Agentic Systems

The Model Context Protocol (MCP) formalizes the contract between LLM agents and external tools, data
sources, and execution environments [8]. Rather than embedding tool invocation logic within prompts, an
approach that is brittle, difficult to audit, and resistant to policy enforcement, MCP defines structured interfaces
that specify tool signatures, input schemas, output formats, preconditions, and permission boundaries. This
formalization transforms tool invocation from an emergent LLM behavior into a governed, deterministic
operation.

Healthcare agentic systems have four critical requirements that MCP directly addresses: deterministic tool
invocation with typed parameters and validated responses; auditable decision paths where every tool call is
logged with its context, parameters, and outcome; explicit permission boundaries enforcing least-privilege
access to sensitive healthcare data; and versioned context schemas enabling reproducible audits of past agent
decisions. Together, these properties transform LLMs from probabilistic responders into governed decision
engines that satisfy healthcare compliance requirements.

The agent execution cycle on MCP in healthcare voice Al can be described as follows: voice input is transcribed
and enriched; the agent identifies the goal of the caller and breaks it down into a plan of steps. The agent queries
the MCP tool registry to find the authorized tools to execute each step of the plan. tools are invoked with
validated parameters and their responses are added to the agent state. the agent re-plans as needed based on
the tools. The agent does not generate responses based on unconstrained generative inference on healthcare
data at any point--all factual assertions are based on tool-returned structured data, and the major hallucination
risk in healthcare Al deployments is eliminated [12].
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Typed tool invocation
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Figure 2 — MCP agent execution cycle and confidence-driven autonomy routing.
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5. Multi-Agent Coordination of Complex Medical Workflow

Multifaceted healthcare call center communication habitually goes beyond the sequence of actions of a single
agent. Temporary authorization processes, such as those needed to verify concurrent eligibility, clinical criteria
evaluation, formulary search, and documentation, are better suited to specialized agents running in parallel
under supervisory coordination. Multi-agent architectures delegate these tasks to specialized agents having
clear functions, communication interfaces and context-sharing protocols [13], [14].

Agent

Primary Function

Key Data Sources

Escalation Trigger

Intake agent

Caller authentication,
identity verification,
initial context capture

IVR session, member ID
systems, call history

Identity mismatch,
authentication failure

Eligibility
agent

Member benefit and
coverage record queries

Payer eligibility APIs,
enrollment databases

Coverage gap, inactive plan,

coordination of benefits
conflict

Clinical rules
agent

Authorization criteria
evaluation against

Clinical policy engines,
formulary databases,

Criteria not met, missing
clinical documentation

clinical guidelines ICD/CPT code tables
Scheduling Provider availability EHR scheduling systems, | No available providers, out-
agent lookup, appointment provider networks, of-network scenario
creation calendar APIs
Compliance Real-time policy HIPAA policy objects, Policy violation detected,
agent enforcement across all organizational rules, data minimization breach,
agent actions scope restriction tables | irreversible action pending
approval
Supervisory Conflict detection, output | All agent outputs, Agent output disagreement,
agent reconciliation, human confidence score logs confidence below threshold,

handoff coordination policy limit reached

Table 1 — Specialized Agent Roles in Healthcare Multi-Agent Architecture.

A healthcare contact center multi-agent system of specialized agent functions would consist of an intake agent
to identify, authenticate, and capture an initial context of a caller, an eligibility agent to query member benefit
and coverage records, a clinical rules agent to verify an authorization requirement against clinical guidelines,
a scheduling agent to access provider availability systems, and a compliance agent to oversee all agent activity
in relation to regulatory and policy limits. These agents communicate via shared context objects and event-
driven signals, enabling asynchronous coordination without tight coupling.

Toolformer [6] showed that language models can be trained to call external tools without much supervision,
which means that they learn when and how to invoke APIs based on context. This has been used to provide
dynamic delegation to multi-agent healthcare systems, where a primary reasoning agent is able to recognize
subtasks that a specialized agent is authorized to perform and delegates them instead of using hardcoded
orchestration logic. A supervisory agent is in charge of execution, detects conflicts or inconsistencies in agent
outputs, and solves disagreements via structured deliberation and escalates to human agents when policy
limits or confidence limits are not satisfied.

Reflexion [10] proposed an agent way of learning by executing failures, based on verbal self-reflection, where
experiential summaries are stored in memory to direct later decisions. In medical contexts, this mechanism
allows agents to achieve accuracy in authorization requests with time, minimizing denials that can be due to a
partial record or a misaligned clinical code, without retraining the underlying language model.
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6. Multi-Tier Memory Architecture of Cross-Call Healthcare Agent Continuity

The memory systems that are necessary in the context of effective autonomous operation in healthcare contact
centers extend far beyond the scope of a single interaction. Multiple calls, in many instances, are made by
members to healthcare organizations to update them on the changing circumstances, preexisting authorization
moves, claims in adjudication, and continuing care coordination occurrences. Callers can only repeat
information to agents, as the agents do not have access to cross-call memory and cannot reason about prior
interactions.

The proposed multi-tier healthcare voice agent memory architecture is based on the idea of MemGPT [15],
which showed that LLM agents can operate in hierarchical memory systems similar to the virtual memory of
operating systems, dynamically paging in the active attention windows contexts of the retrieval relevance. The
three layer design incorporates short-term memory that retains within-session state such as confirmed
identifiers, workflow steps in progress and clarifications pending, episodic memory with the structured
interaction summaries per call such as plan-specific coverage rule, formulary tier, clinical criteria and pattern
of behavior through historical interaction analysis, and long-term semantic memory coding plan-specific
coverage rule, formulary tier, clinical criteria, and behavioral pattern.

The access to memory with telephony-imposed latency restrictions necessitates predictive retrieval: early
turns of conversation have agents pre-load the probable necessary episodic and semantic context depending
on both the identity and initial intent cues of the caller, covering the latency of memory access by the natural
dialogue processing. Policy-sensitive memory filters provide minimum-necessary disclosure at the time of
retrieval so that only data needed by the current step of interaction is revealed to the reasoning layer- a direct
implementation of the minimum requirements of HIPAA in the agent architecture.

7. Confidence-Based Autonomy Levels and Human in the Loop Control

Confidence modeling is not an option in autonomous healthcare systems; it is the dominant safety mechanism
that decides where agentic performance and human supervision intersect. An agent choice is supported by a
clear confidence score based on the uncertainty of the reasoning of the LLM, the completeness of the input, the
reliability of the tool responses, and the success rates of similar tasks in the past [11]. Confidence levels are
correlated with tiers of autonomy: high-confidence decisions are processed autonomously, mid-confidence
decisions are processed with confirmation of a caller; low-confidence decisions are processed to human agents
with full-context handoff.

Self-Refine [16] proved that without further training, LLMs can use self-generated feedback to refine the results
of their outputs, generating even higher quality responses by critiquing and refining the results of their
intermediate output. Self-Refine mechanisms applied to healthcare agent confidence modeling allow
healthcare agents to carefully inspect their own reasoning chains prior to making commitments to tool
invocations or generating caller-facing output, detecting inconsistencies or other information gaps and asking
about clarification instead of generating outputs with high confidence but erroneous.

Dynamic confidence adjustment makes sure that confidence does not remain constant throughout the course
of an interaction. Confidence is then recalculated at every planning step as more context is accumulated by the
responses of the tools, or by confirmation of the caller, or episodic memory recall. This allows gradual
automation: an agent can start an interaction with mid-confidence and reach high-confidence autonomous
execution when identity and intent are completely known. Another layer of governance is offered by
constitutional Al principles [17], which incorporate value-congruent constraints directly into agent reasoning
to enforce high-confidence autonomous decisions to be within ethical and regulatory limits even in unforeseen
conditions not explicitly encoded into the policy engines of rule-based policies.

. Confidence . Example healthcare | Human
Autonomy tier System behavior . .
range scenario involvement
Agent executes end- Routine eligibility
Tier 1 — Full . to-end without verification with None — post-
High (= 0.85) . . ' . . .
autonomy interruption; outcome | confirmed identity hoc audit only
logged for audit and complete data
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Schedulin
. Agent executes but . 5
Tier 2 — . . appointment after .
. High-mid surfaces summary to o . Passive caller
Supervised . eligibility confirmed; ' .
(0.70-0.84) caller for passive . confirmation
autonomy . . caller confirms
confirmation .
provider preference
Agent pauses at key Prior authorization
Tier 3 — Active | Mid (0.50- decision p01r.1t, w}.lerg clinical . Active caller
, . presents options; criteria are partially | . X
confirmation 0.69) input required
proceeds on caller met; agent requests
input missing information
Complex multi-payer
. Agent completes plexT bay
Tier 4 — . coordination; agent Human agent
) Low-mid resolvable subtasks; R
Assisted : resolves eligibility, takes over
. (0.30-0.49) escalates outstanding .
escalation : escalates partial workflow
steps with full context .
authorization
Immediate human
handoff with . .
Disputed claim,
. complete context L : Human agent
Tier 5 — Full . clinical exception, -
. Low (< 0.30) packet: reasoning . . SR owns entire
escalation . identity verification . .
chain, tool call . interaction
. i failure
history, confidence
scores

Table 2 — Confidence-Based Autonomy Tiers and System Behavior.

8. Self-healing and autonomous error recovery workflow execution

The nature of healthcare settings is imperfect systems: timeouts in the back-end, incomplete data,
discrepancies in records of members, and disagreements in policy interpretation are all normal modes of
operation and not failure modes. Al systems using agentic voice should not assume that errors are a terminal
condition of the execution model but rather a recoverable state.

The self-healing execution model enacts four recovery patterns. Combining adaptive backoff and state
preservation in retry strategies enables agents to re-invoke failed tool invocations with altered parameters or
different service endpoints, maintaining conversational continuity. Selection of alternative execution paths
allows agents to accomplish the same workflow objective using a different sequence of tools in case the first
one is blocked: e.g., by accessing eligibility information in a second system when the primary eligibility API is
not available. Partial completion with follow-up enables the agents to complete resolvable sections of a multi-
step workflow and postpone the execution of outstanding steps, informing the caller that the work is partially
complete and not giving up on the whole interaction.

Chain-of-thought decomposition makes explicit failure reasoning possible, enabling agents to diagnose the
cause of a failure and choose contextually appropriate recovery actions instead of using the generic retry logic.
An agent that recognizes a benefits eligibility time out as due to a known downstream system degradation, e.g.,
can not only alert the caller to the anticipated delay but may also provide alternative paths to resolution instead
of possibly retrying or escalating futilely. This interpretive failure management significantly minimizes all the
unnecessary escalations, a critical operational efficiency measure in large-scale healthcare contact center
implementations [1].
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9. Governance, Safety Controls, and Observability in Real-Time

In regulated healthcare settings, agentic voice Al systems must be governed in ways that can be executed at
agent speed and not as a post-processing audit but as constraints that are implemented as part of the execution
pipeline. The governance layer imposes policy adherence on all tool invocations, steps of response generation,
and all state transitions, a perimeter of unbroken safety surrounding agent autonomy.

Policy-conscious implementation provides regulatory constraints within the planning model of the agent.
Scope restrictions indicate the number of things that an agent may do on behalf of a particular caller in a
particular situation. The minimization of data restricts the amount of information that is brought up in the
queries of tools and the response of a caller to only the amount that is necessary due to the step of workflow
being undertaken. The approval checkpoints need express authorization prior to the agent taking any
irreversible action like filing claims, authorizing, or making schedules. These constraints are modeled as formal
policy objects instead of natural language policies and can be enforced deterministically regardless of
variability in LLM behavior.

Observability infrastructure: Infrastructure offers decision traceability, with each agent decision being
recorded as a formatted record of input context, reasoning chain, tool calls with parameters and responses,
confidence scores, and outcomes. This logging system can be used to detect anomalies in real-time, conduct
post-hoc regulatory audits, perform benchmarking, and constantly better agent policies. Operational visibility
to agent behavior at a national contact center scale is through key performance metrics, including task
completion rate, autonomous resolution rate, frequency of escalation, latency per planning step, and rate of
policy violation.

10. Agent Scheduling and Optimization of LLM Resources (Load aware)

The systems of agentic voice work under exact real-time requirements, and at the same time, they produce
significantly higher compute loads than the traditional intent-based systems. Multi-step reasoning chain
inference, parallel tools execution, and memory retrieval. Multi-step reasoning chains, parallel tool execution,
and memory retrieval should execute within the conversational latency budget and support thousands of calls
simultaneously at the scale of national contact centers.

Model tiering tasks and reasoning tasks to the models that are calibrated to their complexity. Lightweight fine-
tuned models (sub-100 ms inference latency) are used to do simple identifier confirmation and eligibility
lookup. Complex prior authorization reasoning, clinical matching, and multi-step workflow planning call on
more complex models with greater reasoning capacity at the cost of increased latency, used in interactions
where their ability has been proven to be required. The tiering approach can cut down the average cost of
inference by 40-60 percent in production deployments without compromising the quality of response to high-
complexity tasks [18].

Parallel reasoning processes run parallel branches of planning, taking advantage of the timing properties of
conversational pauses to push forward a multiplicity of workflow steps at a time. Predictive prefetching
proactively loads the tools it predicts are required and pre-invokes the predicted context of the memory during
idle conversational periods, which is the analogy of speculative execution in computer architecture. Structured
memory summarization as context compression lowers the token usage in reasoning chains, preventing
quadratic increases in the cost of attention as agent context grows, as with raw conversational transcripts.
These optimizations taken collectively allow agentic voice Al to work within the 400 ms conversational latency
budget and conduct planning cycles that require multiple invocations of tools and memory lookups.

11. Conclusion

Self-directed autonomous voice agents as models are a paradigm shift in the work of the healthcare contact
centers. agentic voice systems can overcome the shortcomings of conversational Al, and become real agents in
the provision of healthcare services by combining LLM-based chain-of-thought reasoning, MCP-controlled tool
coordination, multi-agent coordination, confidence-based autonomy limits, multi-level memory, and self-
healing workflow execution.

The architectural design in this paper supports the entire range of needs to be deployed in a regulated
healthcare setup: the planning and execution capacity to deploy end-to-end automation of workflows; the
safety and governance facilities to enable autonomous operation under HIPAA; the memory architecture to
support cross-call continuity; and the load management policy to support national-scale real-time operation.
With the ongoing evolution of agentic Al systems, healthcare organizations that incorporate strong
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architectural frameworks of regulated autonomous performance will be in a position to achieve radical
enhancements in operational efficiency, the experience of callers, and regulatory responsibility.

Future research directions are agent-to-agent negotiation across organizational groups to support the
workflow of multi-payer authorization; federated agent learning that does not involve centralized data
aggregation; regulatory co-design of autonomy governance structures, and cross-modal agents that cut across
voice, text, and clinical data modalities in single healthcare operating systems.
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