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Abstract

This chapter examines how Artificial Intelligence (AI) enhances operational ef-
ficiency in virtual care, including telehealth, mHealth, remote monitoring, and e-
consultations. From an operations management perspective, the chapter analyzes
how AI can be employed such that it improves workflow design, capacity utilization,
system throughput, and care quality. It reviews current AI applications in virtual
care across three functional domains of workflow automation, optimization for risk
assessment, and capacity and demand prediction. AI tools currently implemented
in these functional domains include AI-driven triage agents, ambient documentation
systems, anomaly filtering models, risk stratification algorithms, and no-show pre-
diction algorithms. The chapter also introduces the Operations-Focused AI Adap-
tation (OFAA) framework, a two-tier model that guides healthcare organizations
in evaluating and integrating AI solutions. The first tier assesses the need for an
AI solution by evaluating its clinical integrity, operational impact, effect on pa-
tient experience, and equity. The second tier provides a four-phase implementation
roadmap emphasizing strategic alignment in the care value stream map, workflow
and capacity analysis, monitoring and quality control, and continuous governance
and improvement. The OFAA framework ensures AI adoption is aligned, measur-
able, scalable, and sustainable in virtual care systems.

Keywords: AI in healthcare; Virtual care; Telehealth and mhealth; Operational
efficiency

1 Introduction
Artificial Intelligence (AI) has improved operational efficiency in various healthcare do-
mains. Our focus in this chapter is on the role of AI in virtual care, including telehealth,
mobile health (mHealth) and remote monitoring, and e-consultation applications. We
use virtual care as a general term to define all clinical interactions and interventions
performed virtually. telehealth includes both synchronous and asynchronous encounters
through digital online platforms, whereas mHealth refers to mobile-based tools, such as
wearables, smartphone apps, and remote monitoring devices. While both telehealth and
mhealth have been widely used to transform healthcare by improving care quality and
operational efficiency (see, e.g., Saghafian et al. (2018), Saghafian and Murphy (2021),
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and the references therein), the convergence of AI with these virtual care modalities has
the potential to create further impact.

AI in healthcare has evolved from simple rule-based diagnostic systems to compli-
cated data-driven models. The rise of smartphones, wearables, and remote monitoring
platforms has extended care beyond the traditional clinical encounters and has enabled
real-time data collection and personalized interventions (Saghafian and Murphy, 2021).
Key milestones, such as AI-assisted image interpretation, predictive analytics for disease
risk, and AI-supported virtual consultations, which we explore in this chapter, demon-
strate how AI and mobile-enabled care jointly redefine efficiency in virtual care workflows.

In this chapter, we examine the value of AI within virtual care from an operations
management (OM) perspective, rather than its clinical diagnostic capabilities. Our focus
is on how AI can improve workflows, capacity, and other realted performance measures in
virtual care. Section 2 explains the main modalities of virtual care and their operational
implications. Section 3 reviews the major AI tools that support the current virtual
care applications. Section 4 shows how AI is currently implemented to reduce workflow
bottlenecks, automate routine and repetitive tasks, and increase throughput in virtual
care settings.

Section 5 includes the main contribution of this chapter: the Operations-Focused AI
Adaptation (OFAA) framework. OFAA is a two-tier model that could help healthcare
organizations evaluate and select among different AI solutions and integrate them into
virtual care operations. Tier 1 is a gatekeeper that determines whether an AI solu-
tion matches clinical needs, operational workflow, patient experience goals, and equity
considerations. Only solutions that pass Tier 1 requirements are considered by Tier 2,
which provides a four-phase roadmap for implementation and continuous governance
through plan-do-check-action (PDCA) cycles. By combining the justification in Tier 1
and disciplined execution in Tier 2, OFAA provides a useful approach to ensure that AI
implementation improves system efficiency, reliability, and scalability.

2 Virtual Care: Modalities, Benefits, and Challenges
Virtual care encompasses a range of clinical interactions that are mediated digitally,
including telehealth, mHealth and remote monitoring, and e-consultations. Telehealth
refers to delivering health-related services through synchronous and asynchronous com-
munication technologies (Dorsey and Topol, 2016). Synchronous care is real-time interac-
tions between patients and providers via video, phone, or secure messaging. Asynchronous
care relies on technologies to transmit medical data, such as images or test results, for
later review by a physician (Agarwal et al., 2025).

mHealth and remote monitoring technologies expand the reach of virtual care by
collecting and transmitting medical data from mobile apps, wearables, and other remote
monitoring devices (Steinhubl et al., 2015). These capabilities facilitate synchronous and
asynchronous data sharing, continuous remote monitoring of patient health conditions,
and the possibility of real-time communication with the patient, in need (Marcolino
et al., 2018). By enabling frequent self-measurement and early detection of potential
medical problems, mHealth tools reduce the need for episodic office visits and allow
clinicians to view longitudinal data rather than isolated snapshots (Marcolino et al., 2018;
Agnihothri et al., 2020). These platforms support a range of interventions, from reminders
and educational messages to direct clinical actions such as medication adjustments. For
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patients with mental health issues, for example, using mhealth to personalize self-care
strategies (e.g., physical activity, sleep duration, and bedtime consistency) (Lin et al.,
2025) and digital phenotyping (Lipschitz et al., 2025) has been shown to offer important
advantages.

Virtual care also includes e-consultations, which enable asynchronous communication
between primary care physicians and specialists (Vimalananda et al., 2015). These ex-
changes allow clinicians to share relevant clinical information, such as history, labs, and
imaging, for specialist review without requiring a live interaction (Keely et al., 2013).
By streamlining triage and reducing unnecessary referrals, e-consultations improve diag-
nostic accuracy, shorten wait times at the specialist level by reducing the unnecessary
referrals, and enables coordination across institutions and specialties.

These modalities have been tested and implemented in several medical practices,
including teleradiology (Hanna et al., 2020), teledermatology (Eedy and Wootton, 2001),
telepsychiatry (Sharma and Devan, 2023), and teletriage (Saghafian et al., 2018). They
offer various advantages, including (Gajarawala and Pelkowski, 2021):

• Expand access to care for geographically isolated or underserved populations.

• Enhance efficiency by reducing travel, wait times, and redundant in-person visits.

• Support continuity of care for chronic conditions through real-time monitoring and
adaptive interventions.

• Facilitate collaboration across institutions and specialties.

• Enable proactive care through AI-driven alerts and predictive analytics.

Table 1 summarizes the characteristics of the virtual care modalities discussed above,
The adoption of these modalities varies across clinical settings, shaped by technological
and operational barriers (some of which are listed in the table) as well as reimbursement
policies and regulatory and privacy issues (Scott Kruse et al., 2018; Shachar et al., 2020).

Table 1: Virtual care modalities: features, examples, advantages, and limitations

Key Features Examples Advantages Limitations
Synchronous Real-time, two-

way interaction
Primary care; be-
havioral health

Immediate feed-
back; high rapport

Scheduling and
broadband con-
straints

Asynchronous Offline communi-
cation

Secure messaging;
image uploads

Flexible timing;
efficient for low-
acuity issues

Delayed response;
limited for urgent
cases

MHealth &
Remote
monitoring

Data capture via
apps, wearables,
and connected
devices

Glucose monitors;
symptom-checker
apps; medication
reminders

Proactive chronic
care; scalable; pre-
ventive

Device access; dig-
ital divide; data
overload; variable
app quality

E-consultation Provider-to-
provider asyn-
chronous review

PCP-to-specialist
case summaries

Fewer referrals;
faster expert input

No direct patient-
specialist interac-
tion

The most measurable indicator of the integration of virtual care into formal practice is
the utilization of telehealth services. Derived from the CMS Medicare Telehealth Trends
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Report (Centers for Medicare & Medicaid Services, 2025), Figure 1 illustrates the per-
centage of Medicare beneficiaries who received at least one telehealth service out of the
total eligible population from 2020 through 2024. Figure 1 shows a sudden surge during
the initial phase of the COVID-19 pandemic and then a gradual decrease to a stable
level of around 15%. While this is lower than the pandemic peak, it is still a substantial
increase from the pre-2020 levels.
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Figure 1: Telehealth adoption in the U.S.

Despite its promise, the full adoption of telehealth and other modalities of virtual
care face various barriers (Weinstein et al., 2014). Reimbursement for virtual services
is not consistent between payers, which reduces provider incentives to invest in virtual
workflows or remote monitoring programs (Shachar et al., 2020; Rajan et al., 2022).
Digital literacy gaps, especially among older adults and individuals with limited access
to reliable internet, limit equitable participation in virtual care (Arias López et al., 2023).
Remote monitoring programs rely on sustained patient engagement (Martin, 2012) and
result in significant review burdens on clinicians (Marcolino et al., 2018; Moy et al., 2021).
These frictions often prevent the integration of virtual care into some routine practices,
contributing to its heterogeneous adoption among different health systems.

Addressing these challenges is essential for equitable access and long-term operational
sustainability of virtual care technologies. As the volume of digital health data grow,
health systems face more serious operational bottlenecks in triage, monitoring, and follow-
up workflows. These challenges highlight the main theme of this chapter: virtual care
cannot scale without tools that improve efficiency, reduce cognitive load, and increase
throughput. The next section introduces the foundations of AI models and describes AI
tools useful for the virtual care operational challenges highlighted in this section.

3 AI: Foundations and Healthcare Relevance
AI has been applied in various fields, including computer science, statistics, neuroscience,
and control theory. In the medical field, AI helps computer algorithms interpret medical
data, recognize patterns, and assist in medical decision-making. Early applications of
AI involved symbolic and rule-based expert systems that encoded clinical knowledge into
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structured logic for decision support systems. As data availability and computational
power increased, AI shifted toward data-driven approaches that learn patterns directly
from clinical information. AI now spans multiple related areas (Kaul et al., 2020):

• Machine Learning (ML): Machine Learning is a branch of AI that enables computers
to learn algorithms and patterns without the need to be directly programmed (Jor-
dan and Mitchell, 2015). ML includes supervised learning, which is often applied
in risk prediction in the medical field; unsupervised learning, which is utilized for
patient categorization and care prioritization; and reinforcement learning, which is
used to optimize resource allocation and capacity management (Jovel and Greiner,
2021).

• Natural Language Processing (NLP): NLP involves algorithms that enable machines
to interpret and generate human language (Hirschberg and Manning, 2015). NLP in
healthcare supports automated documentation, clinical coding, summarization, and
conversational interfaces used in virtual intake and patient engagement (Kocaballi
et al., 2020; Falcetta et al., 2023).

• Deep Learning (DL) and Computer Vision (CV): DL is a subset of ML that uses
multilayer neural networks to learn hierarchical representations from large datasets,
without humans manually defining the features and patterns (LeCun et al., 2015).
In healthcare, DL is particularly strong in image analysis and signal processing by
enabling computer vision (CV) models and data integration from multiple sources.
These capabilities make DL a core technology behind radiology and anomaly detec-
tion in remote monitoring programs, among many other applications (Esteva et al.,
2019; Gupta et al., 2021).

AI adoption in healthcare has accelerated significantly in recent years, due to ad-
vances in computing power, increased data availability, and growing clinical demand.
The COVID-19 pandemic accelerated AI adoption in healthcare, much like its impact
on telehealth, bringing tools such as predictive analytics, image interpretation, and vir-
tual triage into mainstream use (Clipper, 2020). The global healthcare AI market grew
from $1.1 billion in 2016 to $6.7 billion in 2020 and to $22.4 billion in 2023 (AIPRM,
2024). This reflects a compound annual growth rate (CAGR) of over 45% between 2020
and 2023.

Today’s AI tools can analyze large and heterogeneous clinical datasets and signals, in-
cluding medical images, laboratory results, physiological signals, and longitudinal patient
histories, to generate insights ready for decision-making (Topol, 2019). These capabilities
are embedded directly into mobile platforms, wearable sensors, and telehealth systems,
which enable real-time and personalized recommendations, digital care interventions, and
autonomous screening workflows (Bhatt et al., 2022). In clinical practice, AI now supports
image interpretation, risk prediction, symptom triage, and continuous remote monitoring.
These functions are particularly valuable in virtual care settings where timely decision
support and efficient data processing are essential (Andrikopoulou, 2023).

Augmenting the capabilities of AI and ML with the outstanding power of human
intuition has even increased the promise of AI-related tools. For example, centaur mod-
els (Dean et al., 2022; Saghafian and Idan, 2024; Saghafian, 2025) have been shown to
outperform some traditional approaches to the development of AI tools, including those
used in LLMs. Nonetheless, the surge in AI use in healthcare underscores its growing role

5



Figure 2: AI subfields and their collective potential benefits in virtual care delivery

in scalable, data-driven care delivery. Rather than being confined to diagnostic tasks, AI
now contributes directly to the core operational functions of virtual care. AI’s poten-
tial spans five operational domains, each addressing a specific constraint and collectively
contributing to more efficient and reliable healthcare delivery (Steinhubl et al., 2015; Lin
et al., 2019; Topol, 2019; Bohr and Memarzadeh, 2020; Rajpurkar et al., 2022):

• Efficiency : AI reduces administrative burden on the clinical team by automating
repetitive and time-intensive tasks, including triage, scheduling, intake, and docu-
mentation. Such automation increases clinicians’ effective service rates and enables
the allocation of limited clinical time to more complex cases and direct patient care.

• Accuracy : AI can increase diagnostic and operational precision by employing ad-
vanced pattern recognition, multimodal data integration, and anomaly detection.
These functions decrease variability in decision-making accuracy and facilitate more
consistent virtual assessments and interventions.

• Personalization: AI can be employed to personalize care recommendations and
treatment interventions by using longitudinal data received in real time from wear-
ables, mobile apps, and remote monitoring devices. This capability improves patient
engagement and enables care plans specific to individual risk profiles.

• Scalability : By increasing the number of patients being treated trough self-screening
tools and AI-assisted monitoring systems, AI tools can enable the care team to han-
dle a large number of patients without having to increase their staff proportionally.
This is especially important in telemedicine, where the number of patients can easily
overwhelm the availability of clinician time.

• Proactive care: AI allows for proactive outreach and preventive measures by en-
abling the early detection of signs of deterioration and the ability to predict future
risks. This proactive approach to care is critical in the management of chronic
conditions and the prevention of unnecessary escalation in virtual care programs.

These strengths make AI a strategic enabler of modern virtual care, which can improve
outcomes, lower operational expenses, and increase accessibility when integrated into
telehealth and mHealth solutions. Figure 2 summarizes our discussion of AI subfields
and their collective contribution to the operational capabilities discussed above. The
next section examines how these capabilities are already being implemented in practice,
highlighting examples of AI-driven automation, optimization, and predictive analytics
within virtual care.
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4 The Current Implementation of AI in Virtual Care
Although the potential of AI has been discussed for decades, its application in virtual care,
telehealth, and mHealth has shifted from experimental pilots to essential infrastructure.
This transition has been mainly driven by two sources: the explosion of digital data
generated by RPM devices and the rapid growth in virtual visit demand (Topol, 2019).
As healthcare systems face staff shortages and an increasing number of patients (World
Health Organization, 2022), AI has become a practical tool for managing operational
capacity (Rajpurkar et al., 2022).

However, we find that the current deployments of AI in digital health include targeted
solutions designed to relieve specific operational bottlenecks. These implementations can
be clustered into three functional categories of automation, optimization, and prediction.
Each functional category addresses a different stage of the virtual care workflow and
can be mapped into the operational domains introduced in Section 3. In the following
subsections, we discuss each of these categories.

4.1 Automation for Workflow Efficiency

At the front-end of the patient virtual care journey, AI is used to reduce the friction
of entry (i.e., any technological, administrative, or operational barrier that makes it
difficult for patients to initiate, access, or complete virtual care). It is also used to auto-
mate high-volume, repetitive tasks that previously consumed a great amount of clinician
time (Aggarwal et al., 2020). Examples of AI tools here include AI-driven triage agents,
conversational intake systems, and ambient documentation tools. These tools support
the operational domains of efficiency and scalability by increasing the effective service
rate of clinicians. The following examples illustrate these tools.

AI triage systems. AI triage is the use of automated digital systems that collect
patient-reported symptoms or chief complaints, interpret clinical information, and assign
an initial urgency level before a clinician becomes involved (Lai et al., 2020). Telemedical
triage systems (Saghafian et al., 2018), for example, can benefit substantially from AI-
powered tools to expedite triage. Modern AI triage tools operate primarily based on NLP
models that are able to conduct adaptive and dialogue-based interviews with patients
rather than relying on a set of static questionnaires. The rise of Large Language Models
(LLMs) can also significantly enhance the capabilities of these tools.

Examples of AI triage systems include intelligent chatbots, such as Babylon Health
and Ada, which use NLP to collect patients’ symptoms, their medical history, and
other related details, and then route patients to the appropriate level of care (Ćirković,
2020). This ensures that high-acuity cases are escalated to synchronous video visits,
while low-risk concerns are managed asynchronously. From an OM perspective, AI
triage reduces triage cycle time and the associated waiting times and decreases pro-
cess variability (Gilbert et al., 2020). In virtual urgent care settings, AI triage agents
currently perform the initial screening at various health institutions, including the Cleve-
land Clinic. Such implementations are reported to achieve diagnostic accuracy rates of
around 94% (Dezyit Health Insights, 2024), allowing clinicians to focus on higher-value
decision-making tasks.
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Automated documentation. Automated documentation refers to AI systems that
capture, structure, and summarize clinical conversations without requiring manual note-
taking by the clinician (Kocaballi et al., 2020). These tools are also referred to as AI
ambient scribes. They operate in the background during virtual encounters to generate
real-time clinical documentation. For example, AI scribes such as Nuance DAX use DL
to transcribe and summarize the interactions between the patient and provider, and auto-
matically populate Electronic Health Record (EHR) fields (Liu et al., 2024). By reducing
administrative time, these systems effectively increase system capacity without additional
staffing (Tierney et al., 2024). From an OM perspective, automated documentation in-
creases clinicians’ effective service rate, reduces process waste and non-value-added time,
and enables higher care throughput.

4.2 Optimization through Risk Assessment and Early Detection

AI is also used to optimize care delivery, especially in RPM programs to manage chronic
diseases. Optimization in this context refers to AI algorithms that continuously analyze
the medical data generated by patients’ remote monitoring devices. The goal of such
algorithms is to improve decision accuracy, reduce unnecessary workload, and match
clinical resources to patient needs more accurately. These tools and algorithms support
the domains of accuracy, personalization, and proactive care by converting raw medical
data into actionable recommendations.

Anomaly filtering. Traditional RPM programs often generate large volumes of alerts.
Many of those alerts are benign changes in patient conditions rather than meaning-
ful health deterioration (Gupta et al., 2021). Modern AI monitoring models establish
baselines specific to each patient’s medical history and trigger alerts when the wearable
and home-monitoring data received for a patient exceed the baselines set for that pa-
tient (Shaik et al., 2023). This reduces alert fatigue by lowering false-positive alerts. As
a result, clinicians can focus on patients who have the highest risk of deterioration Ade-
bowale (2025). From an OM perspective, anomaly filtering minimizes the workload, sta-
bilizes workflow variability, and increases the effective service rate of monitoring teams.

Risk stratification. Risk stratification AI tools assign dynamic risk scores to patients
based on the continuous stream of data received from their monitoring systems. The goal
of these models is to provide an estimate of the likelihood of near-term deterioration in
a patient’s health conditions by integrating physiological signals, symptom reports, and
historical trends (Lin et al., 2021; Chen et al., 2023). Such risk scores support escalation
decisions to identify when a patient requires clinician outreach, synchronous evaluation,
or transition to higher-acuity services (Coffey et al., 2021). Risk stratification helps care
teams allocate attention and limited care time more effectively among patients.

Early deterioration detection. Early deterioration detection models identify subtle
changes that could signal that a patient is beginning to worsen (Gerry et al., 2020).
These AI-based models analyze longitudinal trends, such as rising heart failure risk or
deteriorating glucose stability, to identify early signs of worsening conditions before they
become acute (Yuan et al., 2025; Ting et al., 2025). Both clinical and remote-monitoring
evidence shows that these models can detect deterioration hours or even days before tra-
ditional systems (Gallo et al., 2024). This allows care teams to intervene by scheduling
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preventive follow-ups rather than reacting only when the patient’s health has deteriorated
significantly. Operationally, early deterioration models help shift the care workload from
unplanned urgent responses to predictable, scheduled interventions. This operational
advantage makes the capacity planning process easier and improves overall capacity uti-
lization.

4.3 Prediction for Capacity and Demand Management

AI is also increasingly used to analyze historical and real-time data to predict how patients
will interact during their virtual care journey, for example, in response to long appoint-
ment wait times. By predicting patients’ behavior and enabling demand forecasting,
such models can provide estimates of anticipated workload and support the operational
domains of scalability and proactive care by helping healthcare organizations align their
resources better with the volume of care that will actually materialize.

No-show prediction. Missed appointments are a source of inefficiency in virtual clin-
ics, which reduces healthcare provider utilization and increases their idle capacity (Ade-
poju et al., 2022). Even in traditional office-based care, no-show prediction across various
areas of care is challenging (Carreras-García et al., 2020), especially when a new treatment
technology or care modality is introduced (Saghafian et al., 2023).

In virtual care settings, AI and ML models have been developed that analyze historical
patient attendance patterns and their demographic information and social determinants of
health to estimate the probability that a patient will miss a scheduled visit (AlMuhaideb
et al., 2019; Fan et al., 2021; Dunstan et al., 2023). Even in non-virtual visits, incorpo-
ration of no-show probabilities in programs that optimize scheduling and patient prior-
itization in healthcare practices often yields important benefits Saghafian et al. (2023).
In virtual care practices, empirical studies demonstrate that no-show prediction models
can improve scheduling efficiency through targeted reminders or selective overbooking
strategies (Daggy et al., 2010). Predicted no-shows represent visits that are not likely
to materialize. Therefore, these no-show prediction models provide more accurate short-
term forecasts of realized demand, which allows health organizations to anticipate their
actual workload rather than relying only on scheduled appointments. Early evidence sug-
gests measurable improvements from these predictive models in throughput and provider
utilization, in telehealth settings (Reategui-Rivera et al., 2025).

Capacity management. AI has also been used for workforce planning and staffing de-
cisions across various healthcare systems, including in virtual care programs (Hazarika,
2020; Saeed et al., 2025). Predictive scheduling algorithms improve staff allocation, reduce
burnout, and help organizations anticipate periods of demand surge (Rajkomar et al.,
2019; Veernapu, 2023). Beyond scheduling, predictive methods have shown significant
improvements in designing optimal patient flow to enhance their care experience (Feizi
et al., 2026). ML and AI-enabled workforce planning tools are also used to forecast short-
ages of specialized clinicians in a geographical region and guide redistribution of health
workers across regions (Khan and Sherani, 2025). These applications could be relevant
to virtual care, in which system capacity depends on the availability and distribution of
clinicians responsible for remote care or monitoring services.

The three categories of AI tools in automation, optimization, and prediction reviewed
in this section illustrate how AI is already improving and reconfiguring the virtual care
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Figure 3: The current AI solutions in virtual Care

operations. These tools, summarized in Figure 3, demonstrate that current AI solutions
address process bottlenecks in triage, improve patient monitoring accuracy, and simplify
capacity management. The amount of operational efficiency that these tools bring de-
pends on whether their use is aligned with workflow needs and embedded within the
day-to-day operations of virtual care delivery. We build on these insights in the next
section and introduce a framework that helps organizations evaluate, prioritize, and in-
tegrate such tools in a structured way.

5 Operational Framework for AI Adaptation
While the technological capabilities discussed in the previous sections highlight the promise
of AI in virtual care, the mere presence of AI does not guarantee operational success. In
many health systems, AI implementation fails not due to algorithmic issues, but due to
a lack of alignment with existing clinical workflows and a failure to account for human-
system interaction (Greenhalgh et al., 2017). In this section, we propose the Operations-
Focused AI Adaptation (OFAA) framework, which aims to bridge the gap between AI’s
technical potential and its successful operational execution. This framework is organized
into two tiers: Tier 1 serves as the strategic gatekeeper, while Tier 2 provides the execu-
tion roadmap. In summary:

• Tier 1 establishes strategic alignment by assessing clinical and operational values
that AI can bring to to virtual care process. The goal is to ensure that the or-
ganization pursues only those AI solutions that address documented clinical needs
and solve major operational bottlenecks without creating new bottlenecks and in-
efficiencies in other parts of the process.

• Tier 2 is a four-phase execution plan that guides the integration of the selected AI
solution from Tier 1 into the clinical workflow and maintains a continuous gover-
nance loop through PDCA cycles.

The OFAA framework shares aspects of some other new technology implementation
ideas in healthcare and synthesizes them with concepts from OM to introduce an opera-
tional perspective for AI integration in virtual care. In particular, OFAA shares concepts
from the NASSS (Non-adoption, Abandonment, Scale-up, Spread, and Sustainability)
framework (Greenhalgh et al., 2019) by recognizing that technology adoption in health-
care depends on alignment across clinical workflows, organizational context, and patient
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engagement. OFAA operationalizes this alignment through a structured filtering pro-
cess (Tier 1), which evaluates the necessity of an AI solution and its operational impact
measured through various performance indicators. Similarly, the DECIDE-AI frame-
work (Vasey et al., 2022) emphasizes staged clinical evaluation and real-world testing of AI
solution before implementation, and the TEHAI (Translational Evaluation of Healthcare
AI) framework (Reddy et al., 2021) assesses capability, utility, and adoption components
of AI adoption in healthcare with attention to ethical and translational dimensions. How-
ever, OFAA extends beyond just validation and assessment by incorporating workflow
analysis, capacity modeling, and continuous governance and quality monitoring mecha-
nisms to ensure that AI functions as a sustainable capacity multiplier within virtual care
systems.

Finally, earlier technology implementation frameworks in healthcare, such as the In-
tegrated Technology Implementation Model (ITIM) (Schoville and Titler, 2015), em-
phasize aligning new technologies with clinical workflows, organizational readiness, and
stakeholder engagement. However, these models do not explicitly address AI-enabled
workflow transformation or the measurable ways AI solutions can increase capacity in
virtual care environments. OFAA integrates insights from implementation science, AI
tools assessment, and quality management areas, while uniquely embedding them within
an operations management architecture that links strategic justification to measurable
system-level performance measures. The two tiers of OFAA ensure that AI evolves from
a standalone tool into a sustainable, high-performance collaborator for care delivery. The
following subsections examine each tier in detail, beginning with the Tier 1 assessment
dimensions.

5.1 Tier 1: The Four Assessment Dimensions

The integration of AI into virtual care is often driven by technological push, which refers
to implementing a solution simply because it is innovative or trending. However, in a
high-stakes clinical environment, technology must be pulled and be a direct response to
a specific operational or clinical need. Tier 1 of the OFAA framework serves as this
strategic filter. Before any technical development or procurement begins, a proposed AI
solution must be rigorously justified against four assessment dimensions:

1. Dimension 1–Clinical Workflow and Decision Integrity : Evaluates whether the AI
provides meaningful clinical advantage or it results in unnecessary informational
and cognitive load.

2. Dimension 2–Operational Efficiency and System Throughput : Determines if the AI
reduces operational bottlenecks, such as wait times or backlogs, without creating
new operational delays or inefficiencies.

3. Dimension 3–Patient Experience and Engagement Continuity : Assesses the AI’s
ability to support patients through their virtual care experience. The goal is to en-
sure the tool strengthens the patient–provider relationship rather than introducing
confusion, distance, or unnecessary complexity.

4. Dimension 4–Equity, Access, and the Digital Divide: Assesses accessibility across
all patient demographics and technological literacy levels. It ensures the solution
does not exacerbate existing disparities in healthcare access. Similarly, assessing
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whether the AI is trained sufficiently on a diverse set of patient demographics and
across different communities is essential in various applications.

Figure 4 provides a visual summary of the Tier 1 assessment process. It shows how
an identified operational or clinical need initiates the evaluation process and how the pro-
posed AI solution must move through the four assessment dimensions: clinical integrity,
operational efficiency, patient experience, and equity and access. Each dimension func-
tions as a gate that must be satisfied before the proposal for an AI solution can advance
to the technical development or procurement phase.

Figure 4: OFAA Tier 1: The four assessment dimensions

The next subsections explain each of these four Tier 1 assessment dimensions in greater
detail.

5.1.1 Dimension 1: Clinical Workflow and Decision Integrity

The first dimension evaluates whether the AI will be a meaningful contributor to the clin-
ical process or it will merely add to the existing digital clutter. In telehealth, this clutter
often arises from a broader data deluge, where the unmanageable volume and velocity of
continuous remote-sensor streams obscure clinically meaningful signals and exceed human
processing capacity (Bawa et al., 2025). RPM and wearable sensors generate a contin-
uous stream of data that clinician can realistically monitor in real-time. Consequently,
the clinical assessment of AI must focus on its ability to precisely filter data, suppress-
ing unnecessary signals while ensuring that every clinically important event is accurately
prioritized for immediate review.

Decision-makers must analyze whether the AI moves beyond simple reporting to pro-
vide insights that enable decision making. For example, a heart-rate monitoring AI that
flags every minor tachycardia event is operationally destructive because it induces alert
fatigue and wastes clinical time. Conversely, an AI tool that analyzes trends across multi-
ple variables (combining heart rate, activity levels, and sleep data) to predict a potential
cardiac event before it occurs can create substantial clinical value (Mullankandy and
Patil, 2025).

The evaluation in this dimension should focus not only on whether the AI provides
the correct diagnosis but also on its ability to reduce clinical decision latency : Does this
AI solution reduces the time between a patient’s physiological change and a clinician’s
life-saving intervention?. In a virtual care setting, an accurate alert is only valuable if
it reaches the provider fast enough and clearly enough to allow for a timely decision. If
the AI requires more time to manage and validate than the manual process it replaces,
it fails this dimension and should not proceed to implementation.
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5.1.2 Dimension 2: Operational Efficiency and System Throughput

The second dimension focuses on the entire healthcare system. In this dimension, AI’s
potential is evaluated on whether it can act as a multiplier of provider’s existing capacity,
rather than just replacing medical staff, by automating time-consuming non-clinical tasks.
By handling routine data collection and low-acuity patient inquiries, the AI allows the
existing clinical workforce to manage a much larger population of patients effectively.
This shift is essential in virtual care, where the goal is to increase the total volume
of patients served (i.e., system throughput) while maintaining a fixed staffing level and
without sacrificing care quality.

In many telehealth systems, the primary bottleneck is the intake and triage pro-
cess (Napi et al., 2019). If an AI-powered chatbot can autonomously handle 40% of rou-
tine inquiries (such as medication refills or post-operative wound checks) asynchronously,
it basically unlocks 40% more capacity for the physician to perform synchronous virtual
visits for complex cases. Integration is operationally justified only when it demonstrates
a measurable potential to reduce the cost per encounter and a significant increase in
the proportion of provider utilization dedicated to high-value clinical interaction without
contributing to staff burnout.

A clear illustration of this capacity challenge appears in specialty referrals. In many
cases, primary care physicians possess most of the clinical information needed to man-
age a condition, but are delayed by the small portion of the case that requires specialist
confirmation. In traditional workflows, this gap triggers a full in-person referral, gen-
erating additional documentation, scheduling delays, and administrative burden (Pearl
and Wayling, 2022). AI-supported e-consultation platforms could help alleviate this bot-
tleneck by automating the surrounding workflow, such as summarizing clinical notes,
routing cases to the appropriate specialty, and ensuring that key diagnostic information
is included before review. Although the clinical judgment remains with the specialist,
these AI-augmented workflows enable specialists to resolve a substantial share of cases
asynchronously. Health systems using e-consult models report that a significant pro-
portion of specialty-related questions can be addressed electronically without a formal
visit (Osman et al., 2019). Operationally, this reduces unnecessary referrals, shortens
time for clinical decisions, and preserves synchronous specialist capacity for the most
complex cases.

5.1.3 Dimension 3: Patient Experience and Engagement Continuity

The third dimension recognizes that a virtual care system is only as effective as the pa-
tient’s willingness to engage with it (Srinivasan et al., 2020). Many such initiatives fail
not because the technology is flawed, but because the digital friction is too high. Digital
friction examples could include the technical obstacles to access the digital applications,
confusing interfaces, or extensive data-entry requirements that discourage patient partic-
ipation. This dimension assesses the AI’s ability to mitigate these challenges by acting
as an intelligent interface that guides the patient through the care journey, simplifies
complex instructions, and ensures a seamless transition between virtual and in-person
touchpoints.

The assessment in this dimension must determine if the AI strengthens the patient-
provider bond or replaces it with an impersonal experience. For instance, Generative
AI can be used to translate complex, jargon-heavy clinical notes from a video visit into
a personalized plan sent directly to the patient’s mobile device. If the AI makes the
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patient feel understood, as reflected in higher app retention rates and stronger care plan
adherence, it passes this check. However, if its interactions feel unreal, it drives up the
interaction abandonment rate, and the system begins to hinder care delivery instead of
supporting it. In mHealth applications, for example, user habituation is often discussed as
a major barrier for delivering effective interventions (Nahum-Shani et al., 2016; Saghafian
and Murphy, 2021).

5.1.4 Dimension 4: Equity, Access, and the Digital Divide

The final dimension ensures that the system works reliably for all users, not only those
with ideal technology. In virtual care, equity is not just an ethical concern but a prac-
tical requirement. The AI must handle a wide range of inputs, including lower-quality
connections or older devices. A virtual care system is fundamentally flawed if its AI tools
function well only with high-speed broadband or the latest hardware. This dimension,
therefore, examines whether the technology performs consistently across users with strong
digital access and those with limited connectivity or outdated equipments.

Operational excellence requires that the AI tool work well across different levels of con-
nectivity and device quality. For example, an mHealth diagnostic tool must be validated
to perform with the same accuracy on low-resolution images from older smartphones
as it does on high-definition files. Failure to do so introduces clinical risk and system-
wide quality defects (i.e, errors or inconsistencies that arise because the technology is
not robust) when serving rural or low-income populations. More broadly, operational
excellence of mhealth tools is largely tied to the scientific and regulatory challenges faced
in the mHealth ecosystem (Saghafian and Murphy, 2021).

In some applications, decision-makers must also conduct algorithmic bias audits (Ober-
meyer et al., 2021) to ensure the AI’s predictive logic remains demographically robust,
maintaining high performance across different skin tones, languages, and cultural con-
texts. Integration is only justified when the AI demonstrates that its operational benefits,
such as faster triage or remote monitoring, are accessible to the entire patient population,
regardless of their digital infrastructure.

Tier 1 summary. The four assessment dimensions of Tier 1 of the OFAA framework
ensure that any proposed AI tool is grounded in clinical value, operational logic, patient-
centered design, and equitable access before an organization commits resources to devel-
opment or procurement. Table 2 provides a concise overview of these dimensions and the
core questions they are designed to address. Tier 1, therefore, determines whether an
idea is worth pursuing at all. Once an AI solution has met these requirements, the focus
shifts from justification to execution.

The next section introduces Tier 2 of the OFAA framework, which outlines the four-
phase implementation pathway that guides the integration, testing, refinement, and gov-
ernance of a validated AI concept within the telehealth or mHealth workflow.

5.2 Tier 2: The Four Execution Phases

While Tier 1 provides the guiding principle for the adoption of an AI solution by defining
success factors and readiness, Tier 2 provides a structured roadmap to operationalize AI.
In this framework, Tier 1 acts as the diagnostic input; the specific performance gaps and
organizational constraints identified during the assessment phase dictate exactly where
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Table 2: Tier 1 assessment dimensions and their core evaluative questions

Dimension Core Assessment Question
Clinical Workflow and Deci-
sion Integrity

Does the AI meaningfully support clinical reasoning by
reducing noise and highlighting information that re-
quires timely action?

Operational Efficiency and
System Throughput

Does the AI relieve identifiable bottlenecks and expand
the system’s ability to serve more patients with the same
staffing level?

Patient Experience and En-
gagement Continuity

Does the AI reduce digital friction and strengthen the
patient’s willingness to stay engaged throughout the care
journey?

Equity, Access, and the Dig-
ital Divide

Does the AI perform reliably across varied devices, con-
nectivity levels, and demographic groups, ensuring that
no population is disadvantaged by its use?

and how the following roadmap is applied. For transition from assessment to action, the
execution roadmap follows a four-phase cycle:

1. Phase 1–Strategic Alignment and Value Mapping : Using Lean methods to identify
sources of waste and define the operational pull that justifies an AI intervention.

2. Phase 2–Solution Design and Capacity Modeling : Applying process flow modeling
tools, for example, queuing models and simulation, to confirm that the proposed
AI solution functions as a true capacity multiplier before deployment.

3. Phase 3–Deployment, Monitoring, and Refinement : Implementing the AI–human
interface and using quality control charts to monitor process outcomes under real-
world variability.

4. Phase 4–Governance and Continuous Improvement : Establishing safeguards against
algorithmic drift and embedding a continuous improvement loop into routine oper-
ations.

Figure 5 illustrates the Tier 2 execution cycle. Unlike the sequential steps of Tier 1,
this figure emphasizes the iterative and circular nature of AI integration. The process
begins with identifying systemic waste in Phase 1, moves to quantifying the AI’s expected
impact on throughput and resource capacity in Phase 2, and continues through deploy-
ment, performance monitoring, and system calibration in Phase 3. Phase 4 introduces
governance and continuous improvement mechanisms that feed directly back into the
start of the cycle. This visual structure reinforces the principle that AI implementation
and integration is a dynamic process that demands ongoing optimization and oversight
to remain effective. The following sections explain these four phases.

5.2.1 Phase 1: Strategic Alignment and Value Mapping

Execution begins by identifying the clinical bottleneck where human intervention is cur-
rently the limiting factor. This is achieved through value stream mapping (VSM), a Lean
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Figure 5: OFAA Tier 2: The four execution phases

diagnostic tool used to visualize the entire flow of information and care from the patient’s
initial symptom to final resolution (Marin-Garcia et al., 2021). VSM allows managers to
differentiate between value-added time—activities that directly contribute to diagnosis
and treatment—and non-value-added time, such as troubleshooting video links or com-
pleting redundant digital forms. By quantifying these delays, organizations can identify
the specific operational pull for AI, ensuring technology is integrated to eliminate waste
rather than simply automating existing inefficiencies.

The visual flow in Figure 6 provides an illustrative example of the contrast between ac-
tive clinical care and structural waiting. While the specific durations are conceptual, they
highlight an operational reality: the value-added ratio (i.e., value-added time/total flow time)
in traditional telehealth is often suppressed by administrative and clerical burdens and
process delays. Based on this illustrative model, totaling the segments reveals a total flow
time of approximately 5 days, 1 hour, and 37 minutes, contrasted against a value-added
time of only 20 minutes. This results in an efficiency ratio of approximately 0.27%, in-
dicating a large amount of non-value-added time that can be targeted for improvement.

To address these inefficiencies, the VSM uses Kaizen Bursts (Pyzdek, 2021)—jagged
symbols that mark points in the workflow where targeted improvements are needed. A
Kaizen Burst is a short, team-based effort aimed at quickly improving a specific part of
the process within the broader philosophy of continuous improvement. In this framework,
each burst identifies where AI could meaningfully reduce waste or relieve a bottleneck.
For example, an ambient AI scribe burst is placed over the documentation step to remove
clerical delay, while an AI e-consultation burst is placed over the specialty-gap triangle
to shorten the multi-day wait for expert input (Pearl and Wayling, 2022). These bursts
show that AI is being introduced not for its own sake but as a direct response to a clearly
mapped inefficiency.

These Kaizen Bursts represent potential AI interventions, each offering a different
level of impact, and part of the purpose of the VSM is to surface these opportunities
so their value can be assessed more rigorously. The list below illustrates the types of
improvements identified in the VSM of Figure 6:

• AI chatbot : Captures comprehensive patient data through an interactive dialogue,
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Figure 6: Illustrative VSM of a telehealth journey

reducing manual intake and clerical lag.

• NLP triage: Reviews patient text to flag clinical concerns and supply the informa-
tion needed for automated routing.

• AI-supported acuity sorting : Utilizes machine learning models to reorder the patient
queue in real time based on clinical urgency to remove the manual triage bottleneck
by ensuring high-risk patients are prioritized through predictive scoring.

• Ambient AI scribe: Generates clinical documentation during the visit, eliminating
after-visit clerical tasks.

• AI e-consultation bridge: Provides rapid specialist input to primary care, avoiding
multi-day referral delays.

To measure the success of these AI interventions, baseline KPIs (key performance
indicators) must be established that focus on how efficiently the process flows (Chuo
et al., 2020). Examples include:

• Clinical decision latency: Time from patient data upload to clinician action.

• Documentation-to-care ratio: Minutes spent on manual data entry relative to min-
utes spent in direct patient care.

• Interaction abandonment rate: Percentage of patients who drop out of the virtual
journey due to digital friction.

• Specialty resolution rate: Percentage of specialty inquiries resolved through AI-
supported e-consultations without requiring an in-person referral.

By quantifying these baseline metrics, the effect of each AI Kaizen Burst can be
compared with how the process performs today. This creates the evidence needed to
move into Phase 2, where these measured time savings are translated into concrete design
choices. In Phase 2, each potential AI tool is tested in a modeled version of the care system
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to see whether it truly removes a bottleneck, how it changes the flow of patients, and
how much additional care capacity it could create if implemented. In other words, the
baseline KPIs from Phase 1 become the inputs for the simulations, flow analyses, and
queueing models that determine which AI solutions are worth pursuing and how they
would reshape the system.

5.2.2 Phase 2: Solution Design and Capacity Modeling

The primary goal of Phase 2 is to move from the diagnostic findings of the VSM to a
simulated future state of the virtual care system. Before any AI technology is deployed,
the proposed solution is tested to ensure it meaningfully changes how the system operates
rather than simply speeding up an inefficient process. This phase involves selecting
specific AI tools (such as NLP for triage or generative AI for documentation) and modeling
how each one would affect the overall flow of care. By viewing the telehealth and mHealth
journey as an interconnected system, it becomes possible to determine whether an AI
tool truly removes a bottleneck or merely shifts the delay to another point in the patient
pathway.

To do this, several analytical modeling methods can be used (Laguna and Marklund,
2025):

• Process flow analysis : A detailed review of the care journey that identifies how
AI-supported steps interact with manual tasks. This helps ensure the process re-
mains balanced—that increases in speed at one stage (e.g., automated intake) do
not overwhelm later stages (e.g., specialist scheduling). Modeling these dependen-
cies shows whether a proposed AI tool creates smooth flow or simply produces a
new bottleneck downstream.

• Discrete event simulation (DES): A method that models the telehealth journey
as a sequence of time-based clinical events. DES captures the variable nature of
healthcare, where patient arrival rates and activity service times are treated as
random variables rather than fixed values. The goal is to observe how the AI–
human workflow performs under peak demand and high variability, ensuring the
system can absorb real-world fluctuations without queues growing uncontrollably.

• Sensitivity analysis : A structured what-if approach used to test how changes in
AI performance affect the system. For example, if an AI scribe’s accuracy falls
from 95% to 70%, sensitivity analysis quantifies how much manual correction time is
added back into the clinician’s workload. This helps identify performance thresholds
and informs the safeguards needed to keep the system stable.

Complementing these tools, queueing theory provides a mathematical framework for
understanding how the system performs under different levels of demand. Queuing theory
studies waiting lines and is used to estimate wait times, queue lengths, and the likelihood
that the system becomes overloaded (Shortle et al., 2018). In a healthcare system, the
clinician functions as a finite resource whose capacity is governed by stochastic system-
wide variables. Classical queueing models allow the team to test whether an AI tool truly
increases effective capacity before it is deployed. A central concept in this analysis is the
utilization rate (ρ), defined as the ratio of the patient arrival rate (λ) to the clinician’s
service rate (µ): ρ = λ/µ.
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In a traditional human-only workflow, the service rate µ is constrained by the expected
service time E[S] (i.e., the average time required for an encounter), which includes both
value-added clinical care and the non-value-added clerical labor and procedural documen-
tation identified in Phase 1. AI interventions increase µ by compressing the non-value-
added components of E[S]. For example, if an ambient AI scribe eliminates 10 minutes
of documentation from a 30-minute encounter:

• Pre-AI: E[S] = 30 min =⇒ µ = 2 patients/hour.

• Post-AI: E[S] = 20 min =⇒ µ = 3 patients/hour.

This 50% increase in µ prevents the system from reaching a state of instability. As
utilization (ρ) approaches 1, the expected wait time in queue increases exponentially; by
widening the margin between arrival and service rates, AI provides a protective buffer of
residual capacity. This capacity cushion enables the system to absorb stochastic fluctua-
tions and demand surges without the persistent backlogs that typically lead to provider
burnout.

The final output of this phase is a validated future-state model. By simulating the
Kaizen Bursts identified in Phase 1, such as an AI e-consultation bridge that streamlines
data synthesis and referral triage to close the specialty gap (the delay between primary
referral and specialist review), the model shows how a five-day wait can be reduced to a
matter of hours. This validation confirms that the proposed AI solution is appropriately
matched to real demand. It also prevents a bottleneck shift, where faster AI-supported
intake or triage would otherwise overwhelm downstream clinicians. In doing so, the
model ensures that improvements at one stage do not destabilize another, keeping the
entire virtual care system in balance.

5.2.3 Phase 3: Deployment, Monitoring and Refinement

Phase 3 focuses on the operational stability of the AI-human interface. The input for this
phase consists of the AI tools that were identified as opportunities in Phase 1 and then
confirmed as promising through the modeling work in Phase 2. This transition ensures
that only interventions with a mathematically proven impact on capacity are moved into
the clinical environment. Deployment follows a controlled, phased rollout to ensure that
the AI integration does not introduce unpredictable systemic errors.

The primary monitoring tool in this phase is statistical process control (SPC), which
utilizes mathematical boundaries—specifically lower and upper control limits (LCL and
UCL)—to monitor the live performance of the AI-enhanced workflow (Benneyan et al.,
2003). By plotting metrics like clinical decision latency or documentation time on a
control chart, managers can differentiate between common cause variation (inherent,
expected daily fluctuations) and special cause variation (systemic failures or performance
drifts).

This real-time monitoring prevents catastrophic system failure by identifying issues
early. For example, if a control chart shows a sudden spike in the interaction abandonment
rate, it signals a special cause variation (Figure 7). This indicates a specific event, such
as a software update that increased digital friction, rather than a random fluctuation.
This allows managers to pivot immediately, adjusting the AI parameters or the required
human review steps before the bottleneck destabilizes the virtual care’s throughput.

As the AI handles increasing volumes of non-value-added tasks, the data collected is
used to recalibrate the VSM from Phase 1 and the capacity analysis models from Phase 2.
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Figure 7: Illustrative control chart for interaction abandonment rate

This iterative approach ensures that the OFAA framework is not a one-time intervention
but a permanent management system that enables the virtual care system to scale in
proportion to evolving patient demand.

5.2.4 Phase 4: Governance and Continuous Improvement

The final phase addresses the inherent entropy of AI. Unlike traditional static software,
AI models are subject to data drift and concept drift (Patchipala, 2023). Data drift oc-
curs when the statistical properties of the input data change, such as shifts in patient
demographics or referral patterns. Concept drift refers to the degradation of predic-
tive accuracy as clinical protocols or medical standards evolve. Left unmanaged, these
shifts result in a failure where the system remains operational but provides increasingly
inaccurate clinical insights.

Operational governance in this phase moves beyond simple uptime monitoring to
include equity audits and model recalibration (Saleiro et al., 2018). Leadership employs
the PDCA cycle (Taylor et al., 2014) as a permanent governance loop, ensuring the
AI is treated as a dynamic clinical collaborator rather than a static implementation.
These audits are essential to detect quality defects by analyzing the residual error, which
represents the mathematical difference between the AI’s predicted output and the actual
observed outcome. When SPC from Phase 3 or audits detect significant error spikes,
model recalibration is initiated to retrain the algorithm’s parameters using the most recent
data.

Ultimately, Phase 4 serves as the operational stabilizer of the framework. By insti-
tutionalizing this loop, the organization protects the system against clinical inertia and
ensures that clinical safety and ethical integrity are maintained despite the evolution of
the underlying data. These insights feed back into the Phase 1 VSM, allowing managers
to re-identify waste in the virtual care system. This continuous optimization ensures the
AI remains a high-performance, equitable, and sustainable component of the care delivery
model.

Tier 2 summary. Tier 2 translates the strategic intent established in Tier 1 into a
disciplined execution cycle that ensures AI tools are integrated safely, efficiently, and
sustainably. Across its four phases, Tier 2 moves from diagnosing system constraints,
to modeling future-state performance, to designing workflow integration, and finally to
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establishing continuous operational governance. This sequence verifies that each AI solu-
tion is technically feasible, operationally balanced, and resilient under real-world demand.
By the end of Tier 2, the organization has not only validated the AI’s impact on capacity
and flow but also built the monitoring and recalibration mechanisms needed to maintain
long-term system stability.

6 Conclusion and Future Work
This chapter examined how AI can strengthen the operational foundations of virtual care,
which includes telehealth visits, asynchronous communication, and mHealth-supported
remote monitoring and intervention. We began by outlining the main virtual care modal-
ities and the practical challenges they create, such as uneven patient engagement, high
alert volumes in remote monitoring, delays in triage, and staffing constraints that limit
how many patients a system can reliably serve.

To show how AI can help address these issues, the chapter reviewed the core meth-
ods behind today’s AI tools, including systems that interpret language, analyze images,
and learn patterns from data. These methods now appear inside many digital health
tools, from symptom checkers and chatbots to automated documentation systems and
monitoring algorithms.

Building on this foundation, the chapter described how AI is currently used in vir-
tual care through three main types of tools. Automation tools—such as AI-driven
triage agents, conversational intake systems, and ambient documentation—reduce the
time clinicians spend on routine tasks and make it easier for patients to enter the sys-
tem. Optimization tools, including anomaly filtering models, risk scoring systems, and
early-deterioration detectors, help teams focus on the patients who need attention most
and reduce unnecessary alert review. Prediction tools, such as no-show models and AI-
supported workforce planning, help organizations anticipate demand and adjust staffing
or scheduling before problems arise. Across these examples, a consistent theme emerged:
AI adds value when it is used to solve specific operational problems rather than applied
broadly without a clear purpose.

Finally, the chapter discussed the OFAA framework, which brings these lessons to-
gether into a practical approach for adopting AI in virtual care. Tier 1 helps organi-
zations decide whether an AI tool is worth pursuing by examining its alignment with
clinical needs, workflow logic, patient experience goals, and equity considerations. This
tier acts as a strategic filter, ensuring that only well-justified ideas move forward. Tier 2
then provides a step-by-step process for putting the selected tool into practice, including
planning, piloting, evaluating, and refining the system through continuous improvement
cycles. Together, these tiers offer a clear path for turning AI from a promising idea into a
reliable part of everyday virtual care operations, helping organizations adopt technology
in a way that is thoughtful, efficient, and sustainable.

In closing this chapter, we note that the future developments in virtual care may
depend on several factors. These include advances in both AI and the hardware re-
quired to collect higher-quality patient data and to enhance the underlying computations.
While health systems are moving toward integrated virtual care platforms that integrate
scheduling, billing, and EHR conductivities, further advancements in AI (e.g., via causal
reinforcement learning) are required to provide fully dynamic and adaptive treatment
regimes (Chakraborty and Moodie, 2013; Saghafian, 2024) that can yield meaningful
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improvements in patient outcomes. The next generation of smartphones, sensors, and
wearables can also significantly contribute to how future healthcare systems benefit from
and integrate virtual care models.
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