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Abstract
Ambient AI technologies are increasingly marketed as solutions to reduce clinician burden and improve care efficiency;
however, real-world performance varies widely across clinical settings. Health care provider organizations face challenges in
determining which aspects of ambient AI performance matter most and how to obtain meaningful information about those
aspects from vendors or through internal evaluation. This article presents a shared mental model to guide health system leaders
in conceptualizing ambient AI performance across 3 interdependent dimensions: technical, interface, and system level. For
each dimension, we outline the types of information relevant to assessment; what vendors should reasonably be expected to
provide; and how health care provider organizations can conduct their own evaluations to contextualize, verify, or supplement
vendor claims. By integrating both vendor and health system perspectives, this work offers a grounded, practical structure to
support organizations of all sizes in understanding and making informed decisions about ambient AI technologies.
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Introduction
Ambient AI technologies for documentation in health care
have shown the potential to reduce documentation burden,
enhance workflow efficiency, improve patient experience,
and increase patient safety [1-5]. This potential has driven
rapid adoption, with health care provider organizations now
facing consequential decisions about whether to adopt these
technologies, which products to select, and how to integrate
them into existing clinical workflows.

In making these decisions, health care provider organiza-
tions must rely on limited and difficult-to-interpret infor-
mation. Early evaluations show mixed results in achieving
anticipated benefits, with little explanation for why outcomes

are not being consistently realized [6,7]. While vendor claims,
internal evaluations, and reports from early adopters provide
signals about performance, these signals are often inconsis-
tent, incomplete, or not directly comparable across organiza-
tions. As a result, health care provider organizations must
make consequential decisions regarding ambient AI despite
substantial uncertainty.

An important driver of this uncertainty is the underly-
ing complexity of ambient AI performance. Performance
is shaped by multiple interdependent factors spanning the
underlying model, the interface that mediates clinician
interaction, and the organizational context in which the tool
is deployed. However, existing assessments of ambient AI
technologies often determine these dimensions in isolation—
focusing on evaluating model accuracy or determining
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workflow integration—without accounting for how they
jointly shape real-world performance [8,9]. This fragmen-
tation makes it difficult to interpret observed outcomes,
attribute sources of variation, or compare technologies in a
meaningful way. For example, an inaccurate clinical note
might reflect limitations in model training data, usability
issues that hinder effective clinician review, or environmen-
tal factors such as poor audio capture. Without a concep-
tual structure that distinguishes these sources of variation,
health care provider organizations may struggle to select the
right technology, interpret performance information, or design
effective monitoring processes.

Shared Mental Model for Ambient AI
Performance Assessment
Overview
To address these challenges, we propose a shared mental
model that conceptualizes ambient AI performance into 3

interdependent dimensions: technical, interface, and system
level (Figure 1). This framework provides a structured way
to understand how different factors contribute to observed
performance, enabling health care provider organizations to
more effectively interpret performance signals, assess vendor
claims, and compare technologies. Rather than prescribing a
single protocol, this model clarifies what aspects of per-
formance can be assessed at each level, what information
vendors can reasonably be expected to provide, and how
to perform internal assessments to validate vendor claims
or contextualize the technology within an organization’s
system. By incorporating perspectives from both health
system implementers and industry, this model provides a
practical and coherent structure to support organizations of all
sizes in understanding and making informed decisions about
implementing ambient AI documentation tools.

Figure 1. Tri-level model for conceptualizing ambient AI performance. EHR: electronic health record.
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Level 1: Technical Dimension
• What it represents: intrinsic model behavior, independent of users or workflows
• Key considerations: accuracy, completeness, bias, robustness, latency, and 

safety
• How it is assessed: automated testing, benchmark tasks, and expert review
• Who does what:

─ Vendors provide transparency on model configuration and known 
limitations

─ Health care provider organizations validate claims through targeted testing

Level 2: Interface Dimension
• What it represents: the interface design on clinician interaction with AI-generated 

content
• Key considerations: usability, cognitive load, error detection, and review efficiency
• How it is assessed: simulation testing, heuristic evaluations, and cognitive 

walkthroughs
• Who does what:

─ Vendors demonstrate interface functionality and design rationale
─ Health care provider organizations assess usability in their EHR and clinical context

Level 3: System-Level Dimension
• What it represents: AI-human performance as it emerges within local clinical workflows
• Key considerations: workflow integration, documentation burden, training, technical 

support, and operational outcomes
• How it is assessed: in-situ pilots, operational metrics, and mixed methods evaluations
• Who does what:

─ Health care provider organizations lead evaluation of real-world performance and 
adoption

─ Vendors support implementation, onboarding, and iteration
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Level 1: Technical Dimension
The technical dimension reflects the fundamental capabilities
and limitations of the underlying automatic speech recog-
nition (ASR) and AI models that generate transcripts and
draft clinical notes. These capabilities determine the model’s
intrinsic capacity for accurate, complete, and clinically

appropriate output prior to any interaction with users or
clinical workflows.

This combination of capabilities also varies across vendors
who might own all or some parts of these technologies
or none at all. Health system awareness of these technical
elements is critical as they represent key underlying sources
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of variation in performance across products and settings.
Understanding these characteristics provides valuable context
when comparing different technologies and interpreting their
limitations, and this awareness also helps organizations
distinguish technical constraints from issues that arise at
the interface or system levels, set realistic expectations
for performance, and identify where additional evaluation
or monitoring is required. Importantly, clarity about the
capabilities and limitations of the underlying ASR and AI
models can also guide implementation efforts by helping
clinicians and staff understand what the technology can
reliably do and where additional review is essential.

Assessing this dimension requires understanding the
specific components that shape model behavior. These
include the underlying foundation large language models
(LLMs) and version in use (eg, Open AI’s GPT-5.5 vs
GPT-4o or Google’s Gemini 3.1 Pro vs Gemini 3 Flash), the
prompting or orchestration strategies applied (eg, zero-shot,
few-shot, chain-of-thought, in-context learning, and retrieval-
augmented generation), and the characteristics of the data
used for training (eg, general-purpose, domain-specific,
specialty-specific, and region-specific datasets). Vendors may
use any, all, or some combination of these aspects to
create their outputs and typically study the effectiveness
of different combinations in internal testing prior to releas-
ing new versions of their products. Training data charac-
teristics, including the clinical contexts, populations, and
demographics represented, are particularly important for
assessing how well a model is likely to generalize to a given
patient population. Vendors typically train models on broad,
heterogeneous datasets that may not adequately represent the
demographic, geographic, and specialty-specific characteris-
tics of particular health care provider organizations. However,
training data can often overrepresent certain populations and
regions while underrepresenting others, and disclosure of
dataset composition remains inconsistent across the indus-
try. Consequently, a model’s strong performance on general
benchmarks may not reliably predict its effectiveness within a
specific clinical context.

Key performance metrics in the technical dimension can
include word error rate, accuracy, bias, reliability, effi-
ciency, hallucination rate, omission rate, safety (detection of
potentially harmful outputs), latency, completeness, rele-
vance, and robustness (consistency across similar inputs and
graceful handling of edge cases). Prior technical evaluations
provide useful examples of how some of these metrics, such
as accuracy, omission, error rates, potential harm, and note
quality, can be defined, measured, and reported in practice
[10,11]. These metrics are not independent and often reflect
different underlying components of the system. For example,
transcription inaccuracies may arise from limitations in ASR
performance, particularly in the presence of diverse accents,
background noise, or multispeaker environments. In contrast,
hallucinations or unsupported clinical statements are more
commonly associated with LLM behavior, including model
capability, prompting strategies, and the scope and repre-
sentativeness of training data. Understanding these relation-
ships can help health care provider organizations interpret

observed errors and identify which aspects of a system are
most relevant when comparing vendors. Additionally, models
evolve rapidly, which may lead to degradation in performance
over time. Version tracking and deliberate postdeployment
evaluation are essential to evaluate the phenomenon of model
drift rather than relying solely on initial preimplementation
testing.

In the absence of standardized evaluation processes, health
care provider organizations must rely on vendor-reported
testing or conduct their own assessments to understand how
a model performs. Vendors are typically best positioned
to describe these technical characteristics, including model
identity, general training approach, and known perform-
ance attributes. Such information can provide a high-level
understanding of how well a model handles clinical ter-
minology, accommodates diverse patient populations, or
manages ambiguous or noisy inputs. However, transparency
varies widely across developers, and the training data most
relevant to evaluating generalizability, such as the demo-
graphic composition of clinical transcripts used during model
development, are often only partially disclosed. Similarly,
reporting of ASR-specific performance is limited and lacks
standardization, despite its critical role in accurately capturing
spoken language across diverse accents, dialects, and clinical
environments.

Given this lack of standardization and variability in
relevance, health care provider organizations may benefit
from supplementing vendor information with internal testing
when resources allow. Approaches include structured batch
testing with standardized vignettes, automated similarity or
factuality metrics, and targeted expert review of outputs to
identify context-dependent errors. Public benchmarks such
as HealthBench offer a baseline for comparison but do not
eliminate the need for local verification [12-14]. Because
models evolve rapidly through updates to prompts, param-
eters, and foundational components, version tracking and
reproducible testing protocols are essential for health care
provider organizations to maintain an accurate understand-
ing of model behavior. Rapid, iterative assessment, such
as simulation testing [15], is therefore required for perform-
ance metrics to remain representative of the current prod-
uct. While such assessments are typically done internally
by vendors, they should also be conducted by health care
provider organizations independently, and in collaboration
with vendors, where feasible. However, we also recognize
that this may not be possible for the majority of health care
delivery organizations in the United States today, particu-
larly those that are not major academic institutions. Bar-
ring established regulatory standards or public release of
performance metrics by vendors, most health care delivery
organizations will have to either invest in capabilities to
conduct internal testing or rely on results shared by academic
centers and vendors.
Level 2: Interface Dimension
The interface dimension addresses how clinicians encounter,
interpret, and act on AI-generated content. Even when an
underlying model performs well, the design of the interface
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through which clinicians review, edit, and finalize draft notes
plays a central role in shaping real-world performance. This
is constrained by several key factors. First, electronic health
records (EHRs) are the primary interface for health care
delivery, and their design influences cognitive load, situa-
tional awareness, error detection, and the overall efficiency of
clinical documentation. This reality constrains the clinicians
and also limits the potential solutions developed by vendors,
as these solutions must integrate with EHRs to fit within
existing clinical workflows. There is growing concern that
consolidation in the EHR market will negatively influence
the ability to address some of the shortcomings of EHRs
by stifling much-needed innovation [16]. Health systems
need to understand the strengths and limitations of both the
EHRs and the ambient AI tools so they can interpret user-
facing performance issues, identify usability barriers that may
contribute to error or burden, and determine whether a tool
is appropriate for their setting. This awareness also informs
implementation and training efforts by helping organizations
anticipate the cognitive demands clinicians may experience
when interacting with a new ambient AI tool.

The first step after understanding the EHR interface
and its challenges is assessing the interface of the ambient
AI tool and understanding the design characteristics that
structure clinicians’ interaction with AI-generated content.
These characteristics include the layout and organization of
draft notes, the prominence given to key clinical elements,
the pathways for editing or accepting suggestions, and the
visual cues (such as formatting, color, or iconography) that
guide a user’s attention. Although vendors develop these
interface features, they do so with substantial constraints.
Integration policies and technical architectures of major EHR
systems, including Epic, Oracle Health (Cerner), Meditech,
and athenahealth, impose specific requirements that shape
what can be displayed, how information can be organized,
and how clinicians can interact with third-party applications.
As a result, interface differences across ambient AI tools may
reflect the underlying EHR environment as much as vendor
design decisions, and the same product may behave differ-
ently across health care provider organizations.

Vendors can generally demonstrate interface features and
describe the rationale for certain design choices. However,
few provide systematic usability data or human factors
evidence documenting how clinicians navigate the interface,
detect errors, or manage cognitive load. In many cases,
interface decisions are iterative, proprietary, and updated
frequently, limiting the extent to which vendor materials
alone can inform assessment.

Given this limited transparency and the variability
introduced by different EHR environments, health care
provider organizations may benefit from conducting local
usability evaluations. Methods such as heuristic evaluation
(expert review based on established design principles),
cognitive walk-throughs (step-by-step task analysis from the
user’s perspective), simulation-based testing, and structured
observation can reveal whether the interface supports efficient
review or introduces unintended safety or workflow concerns.
These evaluations help distinguish issues rooted in interface

design from those arising from technical model limitations or
broader system-level factors and can inform decisions about
procurement, training, and implementation.
Level 3: System-Level Dimension
The system-level dimension encompasses the organizational,
social, and environmental factors that shape how an ambient
AI technology functions once introduced into an existing
clinical environment. Even when a model performs well
and the interface supports efficient review, in-situ perform-
ance is influenced by how the technology interacts with
clinical workflows, staffing patterns, documentation norms,
physical environments, and institutional support structures.
Ambient AI becomes one component of a broader sociotech-
nical system, and its effectiveness depends on how well the
technology aligns with, adapts to, and influences that system
in everyday use. Awareness of these interactions helps health
care provider organizations interpret observed performance
issues, understand where local workflow or cultural factors
may shape outcomes, and determine what forms of training
or organizational support are needed for safe and sustained
adoption.

Assessing the system-level dimension centers on exam-
ining how the technology integrates into ongoing clinical
work. This integration includes how clinicians incorporate
AI-generated drafts into their documentation routines; how
audio capture functions in real clinical rooms; how the
tool fits into the pacing and structure of visits; and how
responsibilities for reviewing, editing, or correcting AI-gen-
erated content are distributed among clinical staff. These
factors are not prerequisites to adoption; rather, they are
the dynamic conditions that emerge as ambient AI becomes
part of the daily workflow. System-level performance reflects
these interactions and often explains why the same product
performs differently across sites, even when the underlying
technology is identical.

Key performance metrics in the system-level dimension
include documentation burden reduction, time spent on
documentation, coding acuity, patient throughput, and related
operational outcomes. While vendors are attentive to these
indicators, their capacity to measure them is limited by their
lack of access to operational and workflow data within health
care provider organizations. As a result, vendor monitor-
ing often relies on indirect indicators such as use rates
or engagement metrics. Nevertheless, vendors can support
system-level integration by providing onboarding materials,
recommended workflows, and insights gathered from prior
deployments that may help health care provider organi-
zations anticipate common challenges. Opportunities for
health care provider organizations and vendors to collaborate
on implementation science, that is, assessing and develop-
ing specific interventions to improve the effectiveness of
implementation, may be valuable to maximize clinical and
operational outcomes.

As system-level performance depends on how the
technology interacts with the localized work system, health
care provider organizations must conduct their own system-
level evaluations to understand real-world performance. This
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type of assessment often requires a mixed methods approach.
Quantitative data may include changes in documentation
time, note completeness, coding patterns, message turnaround
times, or visit length. Qualitative insights gained through
workflow observations, interviews, focus groups, and user
experience surveys help reveal adoption patterns, sources of
variation, and operational or cultural barriers. In-situ pilot
testing in live clinical environments is critical as system-level
behaviors cannot be meaningfully inferred from simula-
tions, vendor demonstrations, or usability sessions alone.
These evaluations help clarify whether performance issues
reflect technical limitations, interface barriers, or site-spe-
cific workflow patterns and may be able to guide needed
adaptations to support effective use. These assessments can
further clarify potential variability in effectiveness across
different specialties, visit types, or clinical scenarios to help
determine where ambient AI is effective, where additional
onboarding may be needed, and where the technology may
be poorly suited and should not be deployed. Prior studies
of ambient AI provide useful early insights into how ambient
AI functions in practice and offer potential methodological
approaches for gathering relevant quantitative and qualitative
data [17,18]. However, findings from early reports, particu-
larly those from large institutions, may not generalize to other
small or medium-sized health care provider organizations that
deliver the majority of care across the country.

Financial outcomes are another important aspect of
this dimension that should be considered when making
deployment decisions. Health systems, especially those in
rural settings, often function on thin margins and have
real opportunity costs of spending limited resources on
this technology. Assessing the costs and benefits, including
total cost of ownership, needs to be a key part of core
implementation metrics to ensure that financial viability is
taken into account before final procurement decisions are
made.
Sequencing and Prioritization Across
Dimensions
The sequence of the framework, starting with the techni-
cal dimension and ending with the system-level dimension,
reflects the increasing resources required to assess each
dimension. Technical assessments can be conducted rapidly
without dependence on the interface or local workflows;
interface assessments require considering human factors
in relation to the tool, and system-level assessments typi-
cally require the most resource-intensive assessment in live
clinical environments. Organizations may therefore bene-
fit from beginning with the least resource-intensive forms
of assessment before progressing to more contextualized
and operationally demanding assessments. However, this
sequencing should not be interpreted as a fixed hierarchy
of importance. Severe deficiencies in any dimension may
outweigh strengths in the others and should prompt closer
scrutiny, targeted mitigation, limitation of deployment to
appropriate settings, or nonadoption when the technology
does not perform adequately in the intended context.

Development and Positioning of the
Tri-Level Model
The tri-level model was developed as an expert-informed
conceptual synthesis rather than through a formal consen-
sus or systematic review process. The model was shaped
through iterative discussion among authors with complemen-
tary expertise in human factors, clinical implementation, AI
product development, and health care operations. Its structure
was informed by 3 primary sources: foundational sociotechni-
cal and implementation frameworks, including the Systems
Engineering Initiative for Patient Safety (SEIPS) [19] and
the Consolidated Framework for Implementation Research
(CFIR) [20]; emerging literature on ambient AI tools and
AI evaluations; and the authors’ applied experience evaluat-
ing, implementing, and studying AI-enabled technologies in
clinical settings.

The model is not intended to replace broader and more
comprehensive frameworks such as SEIPS or CFIR. Rather,
it translates several of their core principles—such as human-
centered design, work-system thinking, and attention to local
implementation context—into a practical, grounded, domain-
specific structure for evaluating ambient AI documentation
tools. The resulting framework should therefore be under-
stood as a focused complement to existing models, offering
health systems and vendors a shared vocabulary for assessing
ambient AI performance.

Discussion
As ambient AI documentation tools mature and enter routine
clinical use, health care provider organizations, research-
ers, and vendors face the challenge of understanding these
technologies within a landscape marked by rapid iteration,
variable transparency, and limited standardization. Decisions
about adoption, evaluation, and governance are often made
without a clear structure for interpreting what constitutes
“performance,” which aspects of a tool can be assessed
independent of local context, and which aspects must be
understood through real-world deployment. System-level
outcomes reported by early adopters are difficult to gen-
eralize, while technical claims made by vendors are not
easily compared across products. The tri-level shared mental
model presented in this manuscript—encompassing techni-
cal, interface, and system-level dimensions—offers a way
to address these challenges by organizing the assessment
of ambient AI technologies into meaningful domains. By
clarifying these dimensions, the framework supports health
care provider organizations to engage in more efficient
and informed preimplementation decision-making, provides
guidance for ongoing monitoring and governance, and
establishes a shared basis for aligning expectations across
stakeholders. To illustrate how the framework could be used
by a health care provider organization, Textbox 1 presents a
hypothetical vignette of a health system deciding between 2
different ambient AI products.
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Textbox 1. Applying the framework in practice: a health system vignette.
• A regional health care provider organization is deciding between 2 ambient AI documentation vendors for use in

primary care and outpatient specialty clinics. Both vendors report high clinician satisfaction, reduced documentation
burden, and strong note-generation performance at other health care organizations. However, the available informa-
tion is not directly comparable: vendor A provides detailed technical documentation but limited usability data, while
vendor B provides strong testimonials and workflow case studies but less information about model performance,
automatic speech recognition (ASR) accuracy, and update practices. Using the tri-level framework, the organization
structures its comparison across technical, interface, and system-level dimensions.

• At the technical level, the organization requests comparable information from both vendors about the underlying ASR
and AI models, model versioning, update cadence, prompting or orchestration strategies, and available performance
testing. As the organization serves a diverse patient population, it specifically asks each vendor about ASR perform-
ance across accents, dialects, multilingual speech, background noise, and multispeaker encounters. It also asks how
each vendor measures hallucinations, omissions, factual accuracy, latency, robustness, and performance drift over
time. Where vendor-reported information is incomplete or not comparable, the organization conducts limited internal
testing using representative encounters or standardized clinical vignettes to assess whether errors appear related to
transcription quality, downstream summarization, or unsupported model-generated content.

• At the interface level, the organization compares how clinicians would review, edit, and finalize AI-generated
documentation in each product. Human factors or clinical informatics staff conduct brief heuristic evaluations and
cognitive walk-throughs of both systems, focusing on note layout; visibility of important clinical information; ease
of editing, review burden; and whether the interface helps clinicians detect omissions, hallucinations, or inaccuracies.
In simulation-based testing, clinicians review draft notes from both vendors and provide feedback on which interface
better supports efficient and accurate review. This comparison may reveal that 2 products with similar technical
performance create very different clinician experiences; for example, one may produce accurate notes but present
them in a dense format that makes error detection difficult, while another may provide clearer organization, visual
cues, or editing pathways that better support clinician oversight.

• At the system level, the organization pilots both tools in a small number of clinical settings with different workflows
and documentation norms. Quantitative measures include documentation time, after-hours electronic health record
use, note completion time, coding patterns, use rates, and visit length. Qualitative feedback from clinicians and staff is
collected to understand how each tool fits into the pacing of visits, whether audio capture works reliably in real exam
rooms, and whether clinicians have sufficient time to responsibly review and correct outputs. This evaluation may
show that one vendor performs better in routine primary care visits, while another is better suited to a specialty clinic
with more structured documentation needs. It may also reveal that one product requires substantially more onboarding
or workflow adaptation than the other.

• By applying the framework comparatively, the health care provider organization avoids treating vendor-reported
performance as a single global indicator of product quality. Instead, it can distinguish whether differences between
products arise from the underlying model, the usability of the interface, or the fit between the tool and local
workflows. This structured comparison supports a more informed decision about which vendor to select, where
the selected product should be deployed, what additional assurances are needed from the vendor, and what local
monitoring should occur after implementation.

A key advantage of this framework is that it differenti-
ates the distinct forces shaping ambient AI performance,
which allows evaluators to understand how and when each
dimension should be assessed. Documentation issues that
appear similar on the surface may arise from very differ-
ent sources; for example, a technical limitation in how the
model handles specialty-specific terminology, an interface
design that obscures key information, or a workflow pattern
that limits the time clinicians can devote to review. As
these influences differ in their dependencies and stability,
they require different approaches to evaluation: technical
characteristics can often be examined quickly and iteratively,
interface characteristics benefit from deliberate user-centered
assessment, and system-level outcomes emerge only through
observation in real clinical environments. Recognizing these
differences enables health care provider organizations and
researchers to focus evaluative effort where it is most

informative and impactful, rather than relying solely on
system-level results that may not apply to their own settings.

Health care provider organizations vary widely in their
capacity to evaluate ambient AI technologies, and these
differences shape how the framework can be applied in
practice. Larger organizations may have the analytic, human
factors, and implementation resources needed to conduct
substantial technical testing, structured usability evaluations,
and system-level pilots. In contrast, small and medium-sized
organizations, which provide the majority of health care
across the United States, may rely more heavily on vendor-
provided materials or external evaluations. As the technical
and interface dimensions can be evaluated independently of
local workflows, there is potential for shared or external
resources such as standardized, comparative assessments to
support decision-making across organizations of all sizes.
In the absence of such resources, health care provider
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organizations may conduct their own assessments, particu-
larly for these 2 dimensions, recognizing that they can
be meaningfully compared across products. Vendors can
contribute valuable information—especially at the technical
level, where they can describe model characteristics, training
data, and known performance attributes—but have progres-
sively less visibility into interface-related usability challenges
and minimal insight into system-level outcomes, which are
shaped by local workflows, environments, staffing patterns,
and organizational culture. This uneven distribution of
evaluative responsibility reinforces the value of a collabora-
tive, layered approach that draws on both vendor insights
and local assessment to build a comprehensive understanding
of ambient AI performance that begins before selection and
continues throughout deployment.

Risks of Inadequate Performance
Assessment
While ambient AI adoption has increased substantially in
recent years, important medicolegal and governance risks
remain for clinicians and health care delivery organizations
due to suboptimal performance of these technologies. All
3 dimensions can result in outputs that increase legal risk
for clinicians. There are no established standards for audit
trails of clinical note generation today. On the basis of
precedent, the clinician is responsible for finalizing content
that is entered in the EHR. However, clinicians face multiple
challenges that limit their ability to identify erroneous output.
They face automation bias, automation complacency, and
lack of time and training to take on the role of fact-checker
[21-24]. Information gathered through assessment across
all 3 dimensions, including the technology’s error patterns,
the usability of the review interface, and the system’s fit
with local workflows, can help clinicians better anticipate,
identify, and correct erroneous output, while clarifying where
additional safeguards or support may be needed to reduce
automation bias and complacency. Organizations also need
to take into account any vendor indemnification clauses in
their contracts that relate to how the technology is deployed
in the clinical setting. As these confidential documents are
specific to organizations and vendors, no specific actions
can be recommended in this manuscript beyond generating
greater awareness of these issues.

Alignment With Emerging Standards
This tri-level model provides a practical mechanism for
operationalizing key domains of The Joint Commission’s

new Responsible Use of AI in Healthcare (RUAIH) certifi-
cation [25,26], which addresses an organization’s ability to
monitor, evaluate, and validate safety performance, effective-
ness, and responsible use of AI technologies. This framework
offers a structure for determining which metrics should be
tracked at each level, how frequently evaluation should occur,
and which stakeholders should be responsible for oversight.
This includes version tracking, reproducible testing protocols,
systematic usability assessment, and evaluation of operational
outcomes in live clinical settings. As vendors update prompts,
parameters, or foundational models and as clinician behav-
ior evolves over time, health care provider organizations
must implement continuous monitoring. This model provides
guidance on how health care provider organizations can
translate high-level responsible AI expectations, such as those
outlined in RUAIH, into concrete evaluation activities.

Limitations
While we propose this shared mental model as a starting point
for health system leaders and industry to use in assessing
ambient AI technologies, it has specific limitations. First,
we have not included the patient or clinician voice. Second,
we also have not included patient safety assessments, ethics,
privacy, or data security, which are important factors in
selecting and adopting any new technology in health care.
These are all areas that need further investigation. Addition-
ally, further research is needed to create and validate the
metrics of assessment for each dimension and understand
the applicability of this model. Regardless, we think this
model can help industry and health care delivery organiza-
tions develop a shared understanding of the challenges of
adopting solutions in this new product category of ambient
AI, which is a new and unique area of technology in health
care.

Conclusions
Ambient AI technologies are integrated into complex
sociotechnical systems. Their performance depends on the
interaction of underlying model behavior, user-interface
design, and local clinical environments. By providing a
structured way for health care provider organizations and
vendors to conceptualize these interactions and sequence their
evaluations, the tri-level model can support more transparent,
safe, and effective adoption across organizations of all sizes.
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