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Abstract - Artificial intelligence (Al) is rapidly transforming the delivery of care, and its application to the contact
center is one of the most scalable and common opportunities to improve patient access to care. The article outlines
the limitations of legacy Interactive Voice Response (IVR) systems, the root causes of that dissatisfaction and the
operational inefficiency they have generated for decades, and a framework for a conversational Al-powered IVR
system tailor-made for healthcare. The article describes how the system architecture, natural language processing,
contextual dialogue management, and sentiment detection and analysis make the system more responsive to patient
behavior and how the system performs on key functions such as appointment scheduling, medication reconciliation,
and claims management and processing. The article also makes the case that compliance and governance are equally
as important as biomedical and technical issues and that privacy protection, algorithmic fairness, and ethical
accountability are mandatory in the deployment of Al-enabled systems. The article then discusses future research
needed to produce evidence on real-world deployment and equitable access to the technology.
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1. Introduction

Healthcare contact centers are generally the primary access point through which patient-consumer interactions in the
healthcare system occur. They respond to a large number of non-clinical patient requests, including scheduling, billing,
medication refills, benefit verifications, and symptom triage. Some very large integrated health systems handling millions of
incoming phone calls each year, have consistently found that appointment scheduling and billing issues are the highest call
volume per call center. The response times and accuracy of the call centers have a direct effect on continuity of care, patient
retention, and revenue cycle performance. Conversational agents and Al-driven communication tools are increasingly being
examined as structural solutions to access bottlenecks, with systematic evidence suggesting their capacity to support patient
self-management, facilitate care navigation, and reduce the administrative burden placed on clinical and operational staff [1].

Legacy dual-tone multi-frequency (DTMF)-based IVR systems, which remain the dominant telephony automation
technology across many healthcare organizations, present well-characterized structural deficiencies that measurably impair
contact center performance. These systems operate through static, preprogrammed decision trees that require callers to
navigate multilayered keypad menus without any capacity for natural language interpretation, contextual memory retention, or
adaptive routing logic. The lack of the natural language understanding (NLU) component in conversational agent systems has
been associated with interaction breakdowns, increased transfer rates, and clinically relevant delays in routing calls to
appropriate healthcare workers [1]. These factors are all meaningful drivers of outcomes in patient-centered healthcare
delivery, as Al-enabled communication systems offer more equitable, timely, and targeted interactions to heterogeneous
population groups compared to customary telephony systems that do not afford such a possibility [2].

The article proposes a conceptual design of an Al conversational VR architecture to overcome the shortcomings of legacy
telephony systems by leveraging natural language processing (NLP), multi-turn contextual memory, sentiment analysis, and
secure electronic health record (EHR) integration. The article scopes the conceptual design architecture on HIPAA
environments and presents it as a scalable digital transformation model for enabling smart patient access around the clock in
healthcare systems of varying size and scale. Guided by the principles of patient-centered care and recent literature on Al
governance, the article outlines the architectural rationale, performance needs, and criteria for responsible adoption of
conversational Al technologies in regulated healthcare access settings [2].

2. The Limitations of Legacy IVR Systems and the Case for Clever Automation

A customary DTMF-based IVVR architecture is deterministic decision trees relying on preprogrammed branching in
response to caller input. These IVR interactions explore a finite number of pre-programmed decision nodes, without regard to
semantic interpretation, dialog context, or dynamic response generation. Consequently, there is an intrinsic mismatch between
the sophistication of patient dialogue and the capabilities of the system. This leads to a high rate of intent misclassification,
mid-call transfer, and no self-service resolution. The limitations of menu-driven IVR design and its particular requirement to
navigate keyed hierarchies of predefined business logic become more pronounced with an increase in services provided by a
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healthcare organization, which are typically not intuitive or usable to a patient population. As organizations begin to scale their
legacy telephony systems to wider scopes of service, the cost-benefit tradeoff between ease of implementation and precision of
engagement becomes increasingly severe for those that are either technologically illiterate, have mobility issues, or are not
conversant in English. The evidence from clinical deployment and other real-world environments for patient dissatisfaction
with legacy IVR in healthcare is sufficiently common to constitute what is termed the systemic market failure of pre-LLM
voice automation in healthcare: the inability of rule-based IVVR systems to support naturally contextual patient conversation. [3]

In addition to the metrics of the contact center, the economic and clinical implications of inefficient IVR can be examined.
Examples of inefficiencies that present liability from a high-volume healthcare contact center perspective can include care wait
time delays due to the failure of self-service, high transfer rates to an agent and high callback rates. Engagement of human
monitors at scale has resource limitations due to staff burnout from call volume, inability to monitor patients between human
visits, and economic non-justifiability of dedicating human resources for each patient. These situations parallel resource
allocation inefficiencies described in healthcare delivery economics [3]. Human-monitored processes may not be as efficient,
with longer required availability times for appointments, less care continuity, and exposure to clinical risk for triaging calls for
timely management of urgent symptom presentations, where failures in routing may present patient safety risks. Digital
technologies embedded in care delivery workflows can support improvements in operational efficiency, patient engagement,
and outcome measurement that were not considered possible with legacy IVR architectures [4].

In this way, the rationalization of Al-driven conversational automation as a structurally necessary architectural upgrade is
borne out by the principles and performance requirements of VBHC, where quality of care is assessed by the efficiency,
accessibility, and patient-centeredness of the process by which care is delivered in addition to the achievement of defined
clinical outcomes, all of which are dependent on the responsiveness of the patient access infrastructure [4]. Digital health
technology platforms that enable data interoperability, patient engagement, and throughput requirements are enablers of the
VBHC transition, and interoperability and standardization are foundational requirements. [4] Conversational Al VR
architectures may meet interoperability and standardization needs by replacing telephony trees scripted from call flows with
natural language-driven dialogue capable of accurate intent resolution, continuous availability, and scaling to heterogeneous
populations, thereby meeting CAHPS quality evaluation and CMS Value-Based Purchasing program access layer
requirements [3].

Table 1: Limitations of Legacy DTMF IVR Systems and the Case for Al Transformation [3, 4]

Dimension Summary
Acrchitectural Legacy DTMF IVR relies on fixed branching logic with no semantic interpretation, contextual
Limitation memory, or adaptive response—producing intent misclassification, high transfer rates, and
incomplete self-service resolution
Patient Impact Rigid menu hierarchies disproportionately disadvantage patients with limited technological literacy,

physical limitations, or non-English language preferences, constituting a systemic failure of pre-LLM
voice automation

Operational & Unresolved self-service attempts, repetitive agent transfers, and high callback volumes generate
Financial measurable cost-per-call liability; staff burnout and inability to scale monitoring compound

Consequences organizational inefficiency

Clinical Risk Routing failures in urgent symptom triage calls carry direct patient safety implications, while delayed

scheduling and reduced care continuity erode care access outcomes

Strategic Justification Conversational Al 1VR aligns with Value-Based Healthcare principles by replacing rigid telephony
for Al Upgrade logic with natural language-driven, continuously available dialogue—directly supporting CAHPS-
aligned quality metrics and CMS Value-Based Purchasing requirements

3. Proposed Conversational VR Architecture and Core Technology Components
3.1. System Architecture Overview

The conversational IVR architecture is radically different from the earlier press-pad-based telephony automation
architecture, where the deterministic tree of menus is replaced by a natural dialogue engine performing intent understanding,
contextual memory, and sentiment analysis, as well as dynamic integration with clinical and administrative backend systems.
The reference architecture is based on the separation of concerns between the dialogue management, intent classification, and
the execution of business logic that allows each of the components to be optimized and scaled independently without needing a
complete redesign. The highest complexity architectural option is real-time integration with EHR systems, with bidirectional
data exchange protocols operating in the strict latency and security constraints of a connection layer (API) in HIPAA-hosted
data governance while gaining a conversational exchange responsiveness [5]. The design trade-off inherent in cloud-native
deployment models balancing fixed infrastructure costs against variable per-interaction costs—is governed by the economic
principle that Al systems exhibit high fixed costs but very low marginal costs at scale, making cloud-based orchestration
architecturally preferable for high-volume healthcare contact environments where interaction throughput is both unpredictable
and continuous [6].
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3.2. NLP, Intent Detection, and Multilingual Processing

Healthcare-specific NLP model design requires training on domain-specialized datasets that capture the linguistic
complexity of clinical terminology, insurance vocabulary, provider specialty nomenclature, and medication naming
conventions, a requirement that general-purpose language models trained on broad corpora cannot adequately fulfill without
targeted fine-tuning or domain adaptation. Empirical evaluation of intent classification models on the MedQuad dataset of
14,979 labeled medical questions demonstrates that classical supervised learning approaches such as Random Forest achieve
100% accuracy during training, with inference accuracy on unseen data reaching 80%, while transformer-based architectures
such as BERT require additional domain-specific tuning to achieve comparable generalization performance [5]. Additionally,
SMOTE is appropriate in intent secondary healthcare datasets because of distributional shifts that will occur in real-world
patient-calling datasets. Clinical high-acuity intents, such as symptom triage, are often under-represented compared to non-
clinical intents for use cases, such as scheduling a routine visit or billing questions [5]. Multilingual care will add additional
fine-grained classification for clinical versus non-clinical intents, which will impact downstream intent classification accuracy,
which is a prerequisite for clinically equitable care for clinicians and patients that call in for care in one of several available
languages.

3.3. Sentiment Analytics and Conversational Memory Engine

Sentiment and distress detection within conversational VR systems operates at the intersection of acoustic signal analysis
and linguistic pattern recognition, enabling real-time urgency classification and escalation risk scoring that static telephony
architectures are fundamentally incapable of performing. The effectiveness of these capabilities is contingent on the underlying
dialogue management architecture's ability to preserve and utilize conversational context across multiple interaction turns—a
dimension that systematic evaluation frameworks identify as one of the most critical and insufficiently measured components
of LLM-based conversational agent performance [6]. A comprehensive survey of nearly 250 scholarly sources on multi-turn
conversational agent evaluation identifies memory and context retention as a distinct and essential evaluation dimension,
noting that traditional automated metrics derived from language understanding, such as BLEU and ROUGE scores, fail to
capture the dynamic, interactive nature of multi-turn dialogues where contextual coherence directly determines clinical utility
[6]. The multi-turn conversational memory engines must therefore be evaluated not solely on response quality in isolation but
on their capacity to maintain task completion fidelity, preserve prior user inputs across branching dialogue paths, and support
graceful escalation to human clinical staff when automated resolution is insufficient design requirements that place
conversational memory at the architectural core of any clinically responsible Al VR deployment [5].

Table 2: Proposed Conversational VR Architecture: Key Technology Components and Design Decisions [5, 6]

Dimension Summary
Architecture Design Legacy menu-tree logic is replaced by a natural dialogue engine handling intent classification,
Principle contextual memory, and sentiment analysis, with modular separation of components allowing

independent optimization and cloud-native orchestration preferred for high-volume, unpredictable
interaction throughput

Bidirectional real-time data exchange with EHR systems operates through HIPAA-compliant API
connection layers, enabling clinically informed conversational responses within strict latency and
security constraints

EHR Integration

NLP and Intent
Classification

Models trained on the MedQuad dataset of 14,979 labeled medical questions show Random Forest
achieving 80% inference accuracy on unseen data; SMOTE addresses class imbalance caused by
under-representation of high-acuity clinical intents relative to routine administrative queries

Multilingual and
Equity
Considerations

Multilingual deployment requires fine-grained clinical versus non-clinical intent classification per
language, as misclassification across languages directly compromises downstream care routing and
constitutes an equity risk for non-English-speaking patient populations

Conversational
Memory and

A survey of nearly 250 sources identifies context retention across dialogue turns as the most critical
and under-measured dimension of conversational Al performance; BLEU and ROUGE metrics are

Sentiment insufficient, as clinical utility depends on task completion fidelity, prior input preservation, and

graceful escalation to human staff

4. Operational Applications and Quantitative Performance Impact
4.1. Clinical and Administrative Use Cases

Artificial intelligence-powered conversational IVR systems will support multiple types of clinical and administrative
workflows that require unique integration points and back-end systems in order to achieve accurate, real-time resolution with
no human involvement. These include automated appointment scheduling that requires synchronous integration with provider
availability systems, insurance eligibility and benefit (E&B) verification workflows, and other back-end systems that achieve
resolution within a single conversational exchange as opposed to legacy telephony routing's sequential callback cycles. For the
prescription fill automation use case of pharmacy routing and EHR update, the dialogue engine must also accurately verify
patient eligibility and prescription availability throughout the conversation [8]. The claims and benefits inquiry use case is one
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of the highest-complexity administrative use cases. Claims processing experiments also show that Al-driven automated claims
processing can increase approval rates from 72.4% to 89.2% while reducing false-positive rejection rates from 10.3% to 4.5%,
showing a level of accuracy and throughput beyond the ability of manual workflows at the same scale [8]. Symptom-based
triage routing further embeds clinical accountability in the automation stack, as acuity identification of non-urgent requests
versus higher-acuity presentations that need to be routed to nurse lines or emergency pathways requires the conversational IVR
to act as a clinically relevant infrastructure, not just a clerical one [7].

4.2. Expected Performance and Cost-Effectiveness

There exists substantial quantitative support for operational performance benefits associated with Al implementation, e.g.,
processing efficiency, throughput cost, and outcome quality. For example, automated Al processing of claims reduces the
average processing time of a claim from 150 seconds when evaluated using a manual process to 45 seconds when evaluated
using an Al-based automated process. Optimal efficiency can be achieved when Al-based automation is combined with RPA,
with an additional 33% efficiency increase, bringing claims processing down to 30 seconds per claim [8]. Under a cost-saving
analysis, a process led by artificial intelligence costs $900 per 100 claims, saving 40% compared to the base, while a process
led by both artificial intelligence and RPA costs $600 per 100 claims, saving 60% [8]. This provides a scalable, evidence-based
approach to efficient administrative digital healthcare workflows. A systematic review of 35 peer-reviewed cost-effectiveness
studies identified that 57.1% found that the proportion of digital health interventions for which a greater increase in QALYS is
accompanied by lower costs, 34.3% provided more QALYSs at an acceptable incremental cost-effectiveness ratio, and 8.6%
found that the intervention was not considered cost-effective. Telehealthcare interventions were associated with a 35%
reduction in healthcare costs, and the videoconferencing-based digital health systems were more cost-effective than usual care
in 15 of the 17 studies [7]. Together, these studies provide evidence of the operational feasibility, as well as the economic
benefits, of Al-based automation across a range of healthcare administrative activities where CMS Value-Based Purchasing
principles shape performance in the areas of outcome and throughput improvement as well as cost containment and access to
and through efficiencies. For example, EMI's processing efficiency increased approval rates from 72.4% to 89.2% and false
positive rejection rates from 10.3% to 4.5%, against manual processing baselines, as shown in Figure 1 [8].

Al-Driven Claims Processing: Approval Rate Improvement and
False Positive Reduction
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Fig 1: Claims Quality Metrics Manual Workflow vs. Al Automation [8]

5. Regulatory Compliance, Ethical Governance, and Security Framework
5.1. HIPAA and HITECH compliance architecture

A DevSecOps compliance strategy is used to satisfy the administrative and technical safeguards of the HIPAA Security
Rule when implementing HIPAA-compliant conversational IVRs in health care. This is critical, as 92% of healthcare
organizations have transferred PHI to cloud computing environments, exposing their attack surfaces to unauthorized access and
data breaches. The administrative safeguards are business associate agreements with each cloud service provider processing
ePHI, workforce training on security and clemency, and incident response governed by the HIPAA Breach Notification Rule.
The application of these safeguards using DevSecOps fully implemented HIPAA compliance in six months, reduced auditor
time by 40% and audit preparation from two weeks down to one week, by automating 85% of the security controls, not after
system deployment with a data security audit [9]. Technical measures include encryption of ePHI at rest and in transit with
AES-256 or stronger encryption, TLS 1.2 or stronger encryption, role-based access control, multi-factor authentication,
centralized security information and event management with 90-day audit log retention, introspective artificial intelligence
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based continuous compliance monitoring with simple autonomous assurance of cloud configurations against HIPAA, NIST
800-53 and HITRUST standards, eliminating the periodic delay and inconsistency of manual security compliance audit cycles
[9]. PHI minimization is accomplished with tokenization, de-identification of model training datasets, retention governance
using the Minimum Necessary Rule, and zero-trust architecture, wherein access decisions are re-authenticated using fresh
credentials on every session, such that an access is not granted based on previously granted session states [9].

5.2. Al Governance, Ethical Safeguards, and Equitable Access

Al governance of healthcare VR systems must include ethical and social harms of patient-facing automated decision-
making and not just code reviews and technical compliance requirements. The 2015 Anthem Inc. breach of the personal health
information of about 78.8 million people shows how a lack of data governance at scale can cause irreparable harm to patient
trust in institutions and organizations [10]. Model governance requirements include explainability documentation validated by
quantifiable metrics such as explainability scores based on interpretable output share, demographic bias reduction percentage,
human-in-the-loop share, and ethics guideline compliance rates. These metrics operationalize the Regulatory Genome
framework's dynamic and material approach, which institutionalizes adaptable and measurable instead of static, one-time
oversight to align with the continuous evolution of Al-based systems [10]. Algorithmic bias is an evidenced risk. Research has
shown that Al classifiers, following training on non-representative datasets, are biased towards underdiagnosis in minority
populations. It follows that developers must undertake mandatory demographic fairness audits, adversarial debiasing, and
cross-subgroup stress-testing before deploying an Al IVR system to face patients [10]. Internationally enforceable standards
govern the responsible use of Al IVR as set out in ISO/IEC 42001:2023, the first international standard on artificial
intelligence management systems, and IEEE 2801-2022, a standard that recommends a quality management system for Al
datasets with a focus on medical applications of Al. Design obligations with regard to consent for patient call recording,
multilingual design to ensure that all patients receive the same quality of service, and rural and underserved access would be
formalized through a framework of Ethical by design which prioritizes fairness, accountability and patient autonomy as upfront
architectural requirements across the life cycle of the system as opposed to post-hoc compliance exercises [10].

DevSecOps Automation Impact on HIPAA Compliance
Implementation Outcomes

Reduction in auditor time 40%

Security controls automated via DevSecOps 85%

Healthcare organizations with PHI on cloud _ 92%

Outcome (%0)
Fig 2: Al Governance Metrics Framework for Healthcare IVR [9, 10]

6. Conclusion

The Al conversational VR framework proposed in this article addresses a known industry gap where the volume and
complexity of access requests from patients to healthcare contact centers typically exceed the capabilities of legacy DTMF
IVR systems. The dual-sided value proposition of the framework is based on empirical operational data reporting claim
processing time reduction by 70%, cost reduction by 60% through RPA, and fraud detection accuracy by 96.1%.
Implementation of multi-turn contextual dialogue, sentiment-adaptive routing, and data-backed response workflows stands as a
meaningful approach to addressing the long-standing issues of inefficient menu-based navigation, call abandonment, and
diminishing patient trust and access equity in healthcare IVR systems as measured by CMS Value-Based Purchasing (VBP)
models increasingly tied to patient experience metrics, thereby presenting clever IVR as not only a productivity enabler, but
also a value-based care enabler.

The compliance architecture in Section 5 is a key component of the proposed system, enabling the joint use of DevSecOps
pipelines for HIPAA and HITECH compliance, AES-256 and TLS 1.2+ encryption, role-based access controls, and Al-based
continuous compliance monitoring that collectively enable the proposed system to be used legally and securely in healthcare
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organizations of a wide variety of sizes and technical maturity. Guided by the Regulatory Genome model, as well as ISO/IEC
42001:2023 and IEEE 2801-2022, the ethical governance layer eases patient autonomy, demographic equity, and algorithmic
accountability as architectural requirements rather than after-the-event, resulting in a common, repeatable governance
framework that is independent of the particular deployment context.

Next steps should include multi-site implementation studies to assess variability and outcomes in mixed EHR
environments, payer systems, and patient populations, as well as longitudinal studies of downstream patient satisfaction
outcomes beyond call resolution. In addition, studies of the effects of telephonic navigators on equity of access and adherence
to downstream care are needed. Multilingual bias mitigation is of particular interest, given that patients with the least
commonly spoken languages are likely to be the most disproportionately impacted by voice-based access. Return-on-
investment modeling to show the costs of deploying this intervention in various types of health systems (e.g., rural critical
access hospital, federally qualified health centers, large integrated delivery network) would provide evidence for common
adoption. These lines of research would lead to translating the proposed framework from an architectural proposal to an
empirically justified clinical infrastructure.
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