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Abstract: Diagnostic errors are a substantial source of pa-
tient harm. As artificial intelligence (AI) integrates into 
clinical workflows, opportunities are emerging to assess 
their impacts on diagnostic excellence (DxEx). The Coordi-
nating Center for Diagnostic Excellence (CODEX) at the 
University of California San Francisco established the Action 
Incubator to translate research advances in DxEx into 
tangible strategies for improving diagnosis. The September 
2025 in-person inaugural Action Incubator convened 30 
multidisciplinary stakeholders representing health systems, 
patient advocacy, industry, and policy groups. Through 
structured discussions and breakout sessions, participants 
identified AI scribes as a near-term, scalable use case for 
evaluating AI’s impact on diagnosis not only because of their 
widespread adoption, but – as supported by cognitive load 
theory – because of their potential to reduce cognitive

burden and allow clinicians to focus more on diagnosis. A 
modified Delphi process was used to prioritize candidate 
measures based on feasibility, and impact. Participants 
generated 17 candidate measures of AI scribe impact on 
DxEx. Consensus was reached on two priority metrics as 
functions of AI scribe usage rates by primary care physi-
cians: (1) Timely follow-up of abnormal test results related to 
breast and colorectal cancer screening and (2) Patient-re-
ported diagnostic experience. Participating health systems 
will pilot these measures using electronic health record 
audit logs and patient surveys. The first CODEX Action 
Incubator developed a pragmatic, consensus-driven frame-
work for measuring the impact of AI on DxEx. Future annual 
Action Incubators will take up timely, actionable topics 
related to DxEx.

Keywords: diagnostic excellence; artificial intelligence; 
quality measurement; patient safety; healthcare quality 
indicators

Introduction

Diagnostic errors affect an estimated 12 million adults 
annually in the United States ambulatory care setting alone, 
with approximately half of these errors carrying the po-
tential for harm [1]. The Coordinating Center for Diagnostic 
Excellence (CODEX) at the University of California San 
Francisco (UCSF) was established in 2024 with a mission of 
facilitating activities that result in measurable improvement 
in diagnostic quality, safety, and equity. CODEX considers 
diagnostic excellence (DxEx) to be the state achieved when 
clinicians and healthcare systems partner with patients to 
make accurate, timely, and equitable diagnoses, while using 
resources efficiently and managing uncertainty. Despite 
growing recognition of diagnostic safety as a priority, 
measuring and improving DxEx remains a persistent chal-
lenge for healthcare systems. However, the rapid integration
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of artificial intelligence (AI) into clinical practice promises to 
help address this challenge. AI-based applications such as 
ambient scribes, predictive algorithms, and clinical decision 
support tools are being deployed across healthcare systems 
at unprecedented scale. While technologies such as AI 
scribes have been shown to reduce clinician task load and 
cognitive burden [2–4], whether the use of these tools creates 
cognitive bandwidth that results in improved diagnosis re-
mains to be established [5]. A key priority for CODEX is to 
address a fundamental question: How can we ensure that AI 
helps to measurably improve diagnostic excellence?

This paper describes the concept and development of 
the CODEX Action Incubator, the mechanism by which 
CODEX seeks to engage interdisciplinary stakeholders and 
drive improvements in DxEx. We further describe the 
inaugural gathering and the resulting metrics of DxEx being 
put into action by participating health systems to determine 
whether DxEx benefits are being realized from general 
purpose AI tools used in clinical care.

CODEX Action Incubator: concept 
and development

The CODEX Action Incubator was modeled after other suc-
cessful interdisciplinary convening approaches, including the 
Aspen Institute’s Ideas to Action Incubator [6] and the Rural 
Action Roundtable on Equity [7]. The CODEX Action Incubator 
seeks to bring together a small, diverse group of stakeholders 
with the directive of moving ideas to action. Unlike traditional 
research consortia, the Action Incubator was designed to 
emphasize actionability by identifying actions that could be 
taken to translate scientific studies pertaining to diagnostic 
excellence into tangible next steps that drive enhancements 
in healthcare. What differentiates an Action Incubator from 

other approaches to improving DxEx (e.g., research or edu-
cation) is its call for healthcare organizations to commit to 
taking measurable steps toward DxEx in a specific area.

The Action Incubator emphasizes five key principles: 
actionability, measurability, applicability (actions and findings 
should be broadly applicable across a breadth of healthcare 
settings), longitudinality (activity should support ongoing 
improvement), and sustainability. To identify key goals for 
recurring Action Incubators that would resonate with the DxEx 
and broader quality and patient safety communities, we began 
with a landscape analysis that included semi-structured in-
terviews with 14 national thought leaders in the areas of 
diagnosis, policy, patient safety, and research. The interviews 
explored defining success criteria for the Action Incubators, 
suggested composition of Action Incubator participants,

specific outcomes and products, approaches for sustainable 
engagement, and potential topics for the inaugural gathering. 

A common denominator from these stakeholder in-
terviews was that a smaller in-person gathering would be 
better for productive output and for participant engagement. 
Initiating an Action Incubator with an in-person meeting with 
a limited set of stakeholders was felt to be optimal, but par-
ticipants would need to represent a broad diversity of the 
DxEx stakeholder and DxEx-adjacent communities. Further-
more, a successful Action Incubator would not only lead to 
DxEx initiatives with measurable outcomes in health systems 
but would catalyze sustained stakeholder engagement. Uni-
formly, stakeholder interviewees felt that the opportunities 
for generative AI in DxEx represented the most important, 
timely topic for the inaugural Action Incubator. Interviewees 
also recognized, however, that: 1. AI scribes could have unin-
tended consequences many of which, at the time, could not yet 
be envisioned [8], and 2. Not every health system would have 
AI tools deployed yet. Therefore, their recommendation was 
not to expect or request new AI deployments by participating 
health systems as a condition of participation, but rather to 
examine DxEx in the context of tools already deployed, with 
the most promising candidate being the AI scribe.

Inaugural CODEX Action Incubator

Topic

Although AI scribe tools are primarily meant for documen-
tation, interviewees posited that they could have secondary 
beneficial impacts on DxEx by decreasing the baseline level 
of clinician cognitive burden and therefore allowing clini-
cians more cognitive bandwidth for other activities 
including diagnosis. The premise for this hypothesis – that AI 
scribes decrease cognitive burden – has since been borne out 
in the literature [2, 3], and this mechanism is also supported 
by cognitive load theory, describing that within the con-
straints of a clinician’s finite working memory capacity 
distributed between extrinsic and internal loads, when 
extrinsic load is decreased, the clinician may redistribute 
that capacity to other clinical tasks [5] (Figure 1).

Participants and initial convening

CODEX kicked off its inaugural Action Incubator with an 
in-person, 1.5 day meeting on September 11–12, 2025 at UCSF. 
Thirty national healthcare leaders participated, including 
operational and research representatives from health 
systems throughout the U.S. (academic medical centers, 
community health systems, and safety net systems), patient
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advocacy organizations, medical malpractice experts, 
payers and insurers, industry and vendors, and the federal 
government. The goal of the kickoff meeting was to bring 
together interdisciplinary stakeholders to drive measurable 
improvements in diagnosis and answer the question: How 

do we measure whether current use of ambient scribes is 
improving DxEx? This could serve as a model for ongoing 
work assessing the impact of AI on DxEx outcomes and 
catalyze efforts to enhance this impact.

The meeting was organized into two parts, each with a 
keynote presentation to provide context. Part 1 –Measuring 
Diagnostic Excellence in the Current State of Widely Adopted 
Ambulatory Care AI Scribes convened with a keynote on 
learnings from the use of AI in the field of radiology, and 
Part 2 – Framing for the Future: Measuring Diagnostic 
Excellence when AI is Widely Embedded in the electronic

health record (EHR) opened with a keynote from UCSF’s 
Chief AI Officer. Each part consisted of professionally 
moderated discussion and breakout group sessions to 
ideate on candidate metrics.

Part 1 takeaways included: 1. AI can supplement clini-
cians’ work (e.g., speeding the rate of image interpretation 
among radiologists), but may not, without the clinician, have 
the broader patient context that is often necessary for 
medical decision-making, and 2. While it is important to 
evaluate AI performance on diagnostic accuracy, it is equally 
important to evaluate how AI fits into the clinical workflow.

Breakout groups considered measurement oppor-
tunities across several diagnostic excellence frameworks: 
diagnostic accuracy, diagnostic guideline adherence, diag-
nostic disposition accuracy (e.g., is a patient correctly dis-
charged from the emergency department home rather than

Figure 1: Conceptual model of the role of the AI 
scribe in diagnostic excellence. As extrinsic 
load on a clinician decreases (such as through 
the use of an ambient AI scribe), a greater 
proportion of the clinician’s finite working 
memory capacity may be allocated to Type 1 
(fast) and Type 2 (analytical) thinking, including 
following up on abnormal test results (adapted 
from AHRQ [5]).

Table : Action Incubator candidate DxEx metrics relating to the use of AI scribes.

Item Required data source(s)

Time to follow up on abnormal test results EHR audit logs, lab information system
AHRQ SOPS diagnostic safety supplemental item set for the SOPS Medical 
Office Survey []

Provider survey

AHRQ Quality Indicator, missed red flag SaferDx e-measure 
(cancer, chest imaging) []

EHR/PACS

AHRQ Quality Indicator, missed red flag SaferDx e-measure 
(colorectal cancer) []

EHR, lab information system

Closing loop on referrals EHR (May not be available if referrals are outside of a health system) 
Proportion of patients with late-stage colorectal cancer diagnosis EHR       

Proportion of patients with late-stage lung cancer diagnosis EHR
Patient perspectives on diagnostic communication and timeliness Patient survey
Diagnostic accuracy EHR (although EHR may not consistently have a final diagnosis) 
Diagnostic disposition accuracy EHR  

Diagnostic guideline adherence EHR or registry
Proposed supplemental question to OAS CAHPS []: patient trust in diagnosis Proposed new question embedded in OAS CAHPS survey
Clinician diagnostic uncertainty New field in EHR or in text of clinician documentation
Patient as partner: patient asked about use of AI in self-assessment prior to 
encounter

Scribe

Time from symptom onset to pathology-confirmed diagnosis Patient, EHR 
Time from first medical contact to diagnosis Patient survey, EHR 
Time from symptom onset to first contact with healthcare system Patient, EHR    

AHRQ, Agency for Healthcare Research and Quality; DxEx, diagnostic excellence; EHR, electronic health record; OAS CAHPS, Outpatient Ambulatory Surgery 
Consumer Assessment of Healthcare Providers and Systems; PACS, picture archiving and communication system.
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being admitted?), and across the crosscutting concept of 
diagnostic timeliness. These breakout groups generated a list 
of candidate metrics for DxEx that could be improved by AI 
scribe use (see Table 1). In so doing, contributors were asked 
to consider measurement feasibility, scale of potential pa-
tient impact, causal association of the outcome with AI, and 
implementation effort.

Part 2 takeaways included: 1. Once widely deployed into 
the EHR, AI tools should be evaluated against current 
healthcare delivery rather than idealized standards, and 2. 
Metrics for DxEx would likely differ by care setting including 
inpatient, ambulatory, and emergency department, but that 
unlocking the full potential of AI for decision support and 
autonomous care models would require strong governance 
in all settings.

Consensus process for identifying candidate measures

Following the in-person meeting, CODEX aggregated and 
reviewed the proposed measures from group discussions

(Table 1). The initial set of metrics included 17 proposed 
measures for the current state (AI scribes), and six addi-
tional measures for the future state (the subject of a sepa-
rate future manuscript) when AI is fully embedded in 
the EHR.

Next, we used a modified Delphi approach to achieve 
consensus on priority metrics through iterative asynchro-
nous surveys alternating with three virtual meetings. Early 
in the process, the group prioritized follow up on abnormal 
test results as a high-priority need in DxEx that would have 
measurement feasibility, large-scale impact, causal associ-
ation with the use of AI scribes (mechanism in Figure 1), 
and implementation efficiency. Similarly, the group felt 
that it was important to capture the patient experience and 
adapted drafted survey questions under development by 
Patients for Patient Safety, one of the organizations rep-
resented at the Action Incubator. At the conclusion of the 
modified Delphi process, the group achieved consensus on 
the metrics shown in Table 2. One health system, a chil-
dren’s hospital, for which two of the metrics would not be

Table : CODEX Action Incubator current state consensus metrics.

Metric name Metric description Measurement source

Clinician timely follow up on abnormal test results

Rate of timely follow-up on abnormal 
screening mammograms for breast 
cancer detection [] a

AHRQ Quality Indicator : an electronic Clinical Quality 
Measure (eCQM) that reports the percentage of female 
patients aged – years with at least one abnormal 
screening (BI-RADS ) or screening-to-diagnostic (BI-RADS 
, ) mammogram during the measurement period
(i.e., calendar year) who received timely diagnostic resolu-
tion defined as either follow-up imaging with neg-
ative/benign/probably benign results or a breast biopsy or 
diagnostic excision procedure within  days after their 
index (i.e., first) abnormal screening mammogram.

EHR audit logs to assess for a follow up order being 
placed for diagnostic imaging or for breast bio-
psy/diagnostic excision procedure within  days af-
ter index abnormal screening mammogram.
Examine EHR logs for flags indicating the degree to 
which the screening physician uses AI scribes.

Rate of timely follow-up on positive 
stool-based tests for colorectal can-
cer detection [] a

AHRQ Quality Indicator : an electronic Clinical Quality 
Measure (eCQM) that reports the percentage of patients 
aged – years with at least one positive stool-based 
colorectal cancer screening test (i.e., high-sensitivity guaiac 
fecal occult blood test, fecal immunochemical test, or 
Cologuard) during the measurement period (i.e., calendar 
year) who completed a colonoscopy within  days after 
their index (i.e., first) positive stool-based test result date.

EHR audit logs to assess for a follow up order being 
placed for colonoscopy within  days after index 
positive stool-based screening test result date. b 

Examine EHR logs for flags indicating the degree to 
which the screening physician uses AI scribes.

Patient perspective

Patient survey: diagnostic 
communication

After your recent primary care visit, were the results of your 
[your child’s] diagnostic tests communicated to you in a way 
you could easily understand?

Collected from survey responses.
Examine EHR logs for flag indicating whether AI scribe 
was used in relevant patient encounter.

Patient survey: diagnostic timeliness After your recent primary care visit, do you feel that you 
[your child] received a timely diagnosis?

Collected from survey responses.
Examine EHR logs for flag indicating whether AI scribe 
was used in relevant patient encounter.

eCQM, electronic clinical quality measure; EHR, electronic health record. a One Action Incubator health system participant is a children’s hospital for which 
these measures do not apply based on age criteria. The children’s hospital intends to implement AI, to assess when a parent with a child for whom there are 
unfulfilled lab tests is on campus, and to push a nudge to complete pending lab tests while a parent is on campus. b Although the AHRQ Quality Indicator is a 
measure of colonoscopy being completed within  days, we will examine whether an order was placed within  days as an assessment of actions entirely 
within the control of the clinical provider.
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applicable, developed a unique metric for its own 
implementation.

Next steps: piloting the framework across participating 
health systems

As a next step, Action Incubator health system participants 
will pilot the selected measures at their institutions. For the 
first two metrics, they will examine through the EHR audit 
logs whether the expected follow up action on abnormal test 
results was taken in the appropriate time frames. For met-
rics on patient perspective, participating health systems will 
deploy patient survey questions about diagnostic commu-
nication and timeliness. The goal for all metrics is to un-
derstand whether use of AI scribes is associated with 
changes in rates of follow-up on abnormal test results and 
patient perceptions of diagnostic communication and time-
liness. If AI scribe use is associated with improved follow up 
and patient experience, it will support the hypothesis that AI 
scribes help optimize clinician cognitive load, and health 
systems will have data to support promoting adoption of 
these AI tools among clinicians (especially those whose 
scribe utilization and follow up on the selected screening 
tests is low). If no association is found, then the next 
actionable steps may be for health systems to examine other 
methods of improving abnormal test result follow 
up – including AI and non-AI tools – and consider investing 
in AI tools for direct diagnostic support.

Conclusions

The inaugural CODEX Action Incubator revealed several 
important insights for measuring DxEx in the context of AI 
implementation.

First, AI offers opportunities as both an intervention 
(e.g., scribe) and as a tool for measurement (e.g., chart 
reviewer). At the time of the Action Incubator, AI scribes 
mostly lacked integrated clinical decision support, so a 
conceptual model based on cognitive load reduction and its 
impact on DxEx had to be considered. However, in a future 
state, when clinical decision support is embedded with AI in 
the EHR, health systems may continue to focus on follow up 
on abnormal test results (or other measures) but be better 
positioned to assess the impact of AI on DxEx more directly. 
As a tool for measurement, AI could transform manual chart 
review and adjudication, commonly used in DxEx, by mak-
ing it more scalable than possible with humans alone. 
Because the field of AI is moving so rapidly, new opportu-
nities for AI in DxEx, not yet envisioned at the Action Incu-
bator, are sure to emerge.

Next, there is a healthy dynamic between feasibility and 
impact in the actions that can be taken following an Action 
Incubator. By design, the measurement of DxEx among Action 
Incubator participants was intended to balance feasibility and 
implementation effort, while simultaneously having as large 
an impact as possible on the populations of these systems. 
Therefore, while some candidate metrics may have been 
highly feasible, they were excluded in the modified Delphi 
process due to the low volume of patients they might impact.

Finally, all participants acknowledged that as with many 
assessments, there are attribution challenges. Health sys-
tems are complex entities with many moving parts. While 
we hope to assess for association between AI scribe use and 
DxEx, this is intended to be a pragmatic assessment of the 
impact of AI scribes on DxEx and is not designed to establish 
causation. Nevertheless, if carried out correctly, this may be 
a substantial step forward in the way that we measure im-
provements in DxEx at scale from AI adoption.

The CODEX Action Incubator represents a new approach 
to developing consensus-based metrics for an emerging 
challenge in healthcare quality and provides a framework 
for health systems to measure diagnostic excellence as AI 
tools are deployed. By bringing together diverse stake-
holders, the initiative identified practical measures that 
balance feasibility with impact.

The consensus on selecting Agency for Healthcare 
Research and Quality (AHRQ) Quality Indicators for abnormal 
test result follow-up by the Action Incubator participants 
provides health systems with readily implementable metrics 
that offer clear opportunities for AI-supported improvement. 
The patient voice dimensions will incorporate perspectives 
often overlooked in diagnostic quality measurement.

This work represents a mid-point in the first of UCSF 
CODEX’s Action Incubators. Once completed, we intend to 
report the results of the measures implemented at partici-
pating health systems, not only as a model for other health 
systems, but also as a decision point for health system 

leaders to either promote AI scribe use if there is a positive 
association with these outcomes – particularly among low 
utilizers – or to plan for dedicated tools for AI diagnostic 
decision support. Moving forward, CODEX’s goal is to hold 
Action Incubator meetings approximately annually, inviting 
national thought leaders to address the most pressing and 
timely issues to the field of DxEx. CODEX welcomes public 
input, including topic ideas for subsequent Action In-
cubators. These can be sent to CODEX@ucsf.edu.
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