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Introduction on Diagnostic Documentation

The electronic health record (EHR), an essential aspect of health information technology (health IT), serves
multiple critical functions in modern healthcare. As a real-time information tool for longitudinal patient care,
the EHR serves as a centralized digital repository to collect, preserve, and access patient data, including
structured values, clinical notes, and interpretations of radiology and pathology tests.'

While this comprehensive documentation is essential, EHR functionality has extended beyond record
keeping. For clinicians, the EHR is a central platform for aggregating, organizing, and visualizing diagnostic
information. It facilitates clinical reasoning, record management, and communication with the care team.

Advanced tools for knowledge sharing and generation provide decision support through alerts and embedded
clinical decision support (CDS) systems that have a significant role in diagnostic safety. EHRs enhance
patient safety both directly and indirectly by improving data documentation, ensuring data completeness,
and supporting the long-term sustainability of patient records.?

The potential value of the EHR to support improved patient outcomes, enhanced patient safety, and reduced
costs has only been partially realized as current EHRs present both challenges and opportunities.> An often
overlooked potential benefit of EHR adoption is its role in documenting the diagnostic process and essential
variables related to the patient’s diagnostic journey. Diagnosis serves as the cornerstone of patient care,
providing a roadmap for treatment, monitoring, and decision making.

Errors in the diagnostic process can occur at various stages, from initial patient presentation to the final
diagnosis, and can stem from multiple sources such as cognitive biases, communication failures, and system-
level issues.*” Documentation of diagnoses varies significantly by provider, practice, and disease, leading to
challenges in diagnostic accuracy, clinical variation and management, and communication with patients and
care team members. %1

In the digital era, accurate and comprehensive diagnosis documentation within EHRs is paramount, not
only for the continuity of care but also for ensuring patient safety, quality of care, and effective healthcare
delivery. Documentation tools such as templates, smart phrases, and voice recognition software provide
features to increase the quality and utility of clinical documentation. However, these tools require
appropriate management, guidelines, and oversight ranging from internal policies and procedures to federal
regulatory compliance.

The 2017 narrative review “The Impact of Electronic Health Records on Diagnosis” explored how the EHR
facilitates diagnosis and improves the diagnostic process, as well as the major ways it is problematic.'* This
issue brief reviews the history of documentation legislation, including rules and regulations, and outstanding
challenges and best practices to improve documentation. It also identifies future developments and
opportunities for improvement, including emerging technology-based strategies to improve the traditional
documentation process.



History of EHR Documentation Legislation

The EHR has evolved as the result of various influences across academia, industry, and government.
Existing and emerging health IT legislation has driven significant EHR adoption, regulation, and
optimization. In this section, we describe the historical progression of legislation and regulations that affect
diagnostic documentation, tracing its evolution from early initiatives to contemporary federal regulations.

This review includes:
B The Health Information Technology for Economic and Clinical Health (HITECH) Act of 2009,>
B Section 618 of the Food and Drug Administration Safety and Innovation Act (FDASIA) of 2012,'¢
B The 21st Century Cures Act of 2016, and
B Regulation CMS-1693-F from the Centers for Medicare & Medicaid Services (CMS) in 2021.'#

Collectively, these laws and regulations promote implementation and use of the EHR. They also represent
an evolution in understanding the emerging sociotechnical challenges and complexities healthcare
organizations face in implementing regulations effectively, facilitating or limiting the potential benefits of
health IT. Regulations affect diagnostic documentation by promoting standardization, interoperability, and
patient engagement, thereby potentially enhancing diagnostic safety.

The HITECH Act, part of the American Recovery and Reinvestment Act," provided incentives to stimulate
“meaningful use” of the EHR through adoption by healthcare systems and individual care providers,
infrastructure development, and improvements in healthcare delivery.'* As a result of HITECH and
associated efforts, health IT has revolutionized how care is delivered, but evidence is mixed on hospital
productivity, physician productivity, and quality improvement.?%?

FDASIA expanded the FDA’s authority to protect and advance public health through changes in the drug and
device review process, promoting innovation, increasing stakeholder involvement, and enhancing safety.'®
Specifically, Section 618 directed multiple federal agencies, including the FDA, Office of the National
Coordinator for Health Information Technology (ONC), and the Federal Communications Commission to
develop a proposed strategy and recommendations for an appropriate risk-based regulatory framework for
health IT.

The regulatory framework proposed through FDASIA was an important first step in identifying the types of
risks posed by health IT that impact patient safety. Data capture and clinical documentation were identified
as key health management functions and categorized as clinical software.

The 21st Century Cures Act included a number of provisions specific to interoperability, health information
exchange, and improvements to the EHR.!” Created based on the 21st Century Cures Act, the ONC’s Cures
Act Final Rule® focused on healthcare systems and clinical practices, healthcare providers, technology
developers, and patients.

Compared with previous legislation, the 21st Century Cures Act includes multiple components that directly
impact documentation integrity. The rule finalizes modifications to the 2015 health IT certification criteria
to advance interoperability, enhance health IT certification, and reduce burden and costs. The final rule also

More information on this legislation is available from the Office of the National Coordinator for Health Information
Technology at https://www.healthit.gov/topic/laws-regulation-and-policy/health-it-legislation.


https://www.cms.gov/medicare/medicare-fee-for-service-payment/physicianfeesched/pfs-federal-regulation-notices-items/cms-1693-f

added criteria to make patient’s electronic data more accessible via a third-party app (e.g., Apple Health Kit).
Patient access is required to be free of charge and include progress notes prepared by the clinical team. Early
research indicates that the OpenNotes initiative, engaging patients through shared clinical notes, increases
organizational transparency and patient engagement.?*

Lastly, in addition to recommendations on EHR certification and interoperability, the legislation allows
physicians to officially delegate clinical documentation to a scribe who is not a physician as long as the
physician reviews, verifies, and signs the documentation. The 21st Century Cures Act ultimately prioritizes
ease of access to records and the transparency of clinical notes to patients and other care providers.

On January 1, 2021, CMS changed the requirements for outpatient evaluation and management (E/M)
coding, including eliminating history and physical examination documentation.'® This rule (CMS-1693-F)
introduced significant revisions to the documentation requirements for E/M services, particularly for office/
outpatient visits. Instead of relying on comprehensive documentation of history, examination, and medical
decision making (the traditional three key components), CMS allowed healthcare providers to choose
between two documentation options for E/M office visits.

With the first documentation option, providers could base code selection primarily on the complexity of
medical decision making involved in patient care (medical decision making). With the second, providers
could choose an E/M code based on total time spent with the patient, including face-to-face and non-face-
to-face time on the date of the encounter (time-based documentation). The goal of the rule was to reduce
administrative burden, improve flexibility for healthcare providers, and focus more on patient care rather
than documentation requirements.

Recent studies have found small reductions in documentation time following these coding requirements,

but the magnitude of reduction was modest and not clinically meaningful.?>2¢ Authors of these studies
suggest that even if total documentation time is not dramatically reduced, the new requirements could reduce
physicians’ cognitive burden’ and improve their work experience.?*’

Multiple federal and state laws and regulations govern nearly every facet of medical records, including
content, security, retention, access, and disposal. These include the Health Insurance Portability and
Accountability Act,?® Medicare Access and CHIP Reauthorization (MACRA),” and Merit-Based Incentive
Payment System (MIPS).*

To meet MIPS requirements, clinicians often need to ensure that their clinical documentation accurately
captures relevant data points for reporting purposes. Compliance may involve implementing structured
documentation templates, using CDS tools, and optimizing EHR workflows to facilitate data capture and
reporting.

In addition, MACRA'’s emphasis on interoperability encourages the exchange of health information between
different healthcare providers, necessitating EHR systems to support seamless data sharing and integration.
Collectively, the evolution of EHR regulations contributes to diagnostic safety with considerations of
privacy, security, interoperability, standardization, quality reporting, performance metrics, billing, coding
accuracy, clinical decision making, and care coordination.

iMore information on cognitive burden is available in Issue Brief 17: Cognitive Load Theory and Its Impact on Diagnostic
Accuracy at https://www.ahrq.gov/diagnostic-safety/resources/issue-briefs/dxsafety-cognitive-load.html.



Challenges and Opportunities for Improvement in
Diagnostic Documentation

Accurate and robust documentation affects the standard of care. Better access to clinical information
provides crucial insights for the care team and key considerations for diagnosis and treatment. Enhanced
documentation enables well-organized availability of meaningful, accurate, and complete health records.
Such records can improve the quality of care delivered, improve coordination and communication across
care teams and with patients, and support the execution of integrated decision support.>'** However, these
benefits are only achieved with documentation integrity, which requires an accurate and complete health
record.

EHR usability has been directly associated with diagnostic error issues***> and has not supported the
development of higher levels of situational awareness.** Challenges and opportunities arise in optimizing
complex user interfaces, improving inefficient workflows, and optimizing interoperability by applying
human factors and design principles, CDS, and personalization or customization (as appropriate).

Systems designed to use medical terminology or international medical coding systems rather than free text
can prevent inaccurate information.’” Potential added functionality to assist with documentation includes
templates, standard phrases and paragraphs, and automated object insertion to improve efficiency of data
capture, timeliness, legibility, consistency, and completeness.*® In addition, giving patients access to clinical
notes has shown various advantages, such as heightened control over their health condition, increased
involvement, better medication adherence, and heightened accountability among clinicians.>*4

Diagnostic uncertainty, a concept that has yet to be adequately operationalized in medical practice, is a
natural part of medicine and more common in primary care than any other specialty.*'* Providers may
encounter diagnostic uncertainty, where the patient’s symptoms or clinical presentation do not clearly
indicate a specific diagnosis. Notably, no diagnostic code exists for “I don’t know.” In such situations,
providers may need to rely on provisional or working diagnoses, which can make it challenging to assign an
accurate International Classification of Diseases, 10th Revision (ICD-10) code.

ICD-10 codes are highly detailed and specific, often requiring providers to choose from a vast array of codes
that correspond to different diagnoses, conditions, and symptoms. Without a definitive diagnosis, providers
may struggle to accurately select the most appropriate code from the extensive list of options.

A review of clinical documentation evaluated two signs of diagnostic uncertainty, identifying diagnostic
uncertainty with moderate reliability. The first was the use of direct expression (e.g., use of question marks,
differential diagnoses, and vocabulary such as “probably, maybe, likely”). The second was indirect inference
(e.g., absence of documented diagnosis at the end of a visit, ordering of multiple consultations or diagnostic
tests).*

Approximately 80 percent of data within the EHR is unstructured text, including visual data

(e.g., endoscopy, laparoscopy), biosensor data from monitors and devices, audio data, and clinical notes
(e.g., progress notes, discharge summaries, diagnostic test reports).***® Although much of the data in a
patient’s EHR is coded, important information about the patient’s care and management are often hidden in
unstructured clinical notes. This practice makes it challenging and time consuming for physicians to review
during their typical clinical workflow.



The use of free text within clinical notes is integral to clinical documentation as it enables clinicians to
capture a comprehensive perspective of an individual, extending beyond structured data entry. Within
clinical and progress notes, clinicians articulate their current evaluation, including their reasoning, and
outline future steps in diagnosis or treatment. EHR-integrated interventions can target key diagnostic
processes, including but not limited to:

B Dashboards to identify at-risk patients,*’
B Diagnostic timeouts for clinicians to reassess the working diagnosis,*’
B Patient-facing questionnaires to gather patient concerns,*’

B Initiatives that allow patients to review diagnoses and problems documented in the EHR for
accuracy,*#

B More robust mechanisms for followup for tracking diagnostic information and communication,> and

B Innovative ways for the healthcare team to communicate and collaborate on not only the initial
encounter but also results of diagnostic tests and referrals.”!

The goal of these initiatives is to transform the EHR from a billing and communication tool for clinicians to
a central form of communication among clinicians, patients, and care partners.

The concept of documentation integrity includes not just the content and information included but

also information governance, authorship validation, amendments, and record corrections. Preserving
documentation integrity is critical to maintain the highest levels of care and patient safety, reduce fraud and
abuse, and reduce the risk of a malpractice lawsuit.”>** Documentation features such as template-driven
drop-down boxes or lists provide rigid structures that support standardization that may prevent clinicians
from telling a patient’s complete story.

Research has found that clinicians experience incredible rates of stress and burnout as a result of the
cognitive load required for adequate clinical documentation and record keeping.>* Furthermore, because
hospitals are reimbursed based on diagnosis-related groups, they face financial pressures within coding
practices to maximize reimbursement or perceived performance.’’

Clinicians have adapted to navigating the requirements for adequate documentation to secure
reimbursement. Physicians often resort to copying and pasting previous notes, making minor modifications,
which may inadvertently contribute to the proliferation of unnecessary and irrelevant data. Future
regulations must support clinicians in creating high-quality documentation while recognizing systematic
“defensive medicine” and “return on investment” challenges. Existing quality and reimbursement programs
must adjust their data collection and quality measurement practices to ensure that reported data and
reimbursement accurately represent the patient population under treatment, rather than solely reflecting the
completeness of coded data.

The Future of Diagnostic Documentation

The future of clinical documentation is likely to be influenced by advancements in technology, using
artificial intelligence (AI), machine learning (ML), and natural language processing (NLP); patient-facing
initiatives such as Open Notes; and improved teamwork and care coordination. Future advancements in
clinical documentation can address a range of factors, including increased provider volumes, clinician
burnout, and clerical burden (especially documentation of care and order entry).



Once viewed as a technology of the future, Al is currently being tested, trialed, and implemented at
healthcare organizations nationwide to reduce the burden of documentation.’**

Ambient Al scribes use novel generative Al techniques such as automatic speech recognition and NLP to
capture real-time patient-provider conversational interactions and assemble them into a structured note.
Initial investigations into ambient Al scribes have found promising results—reducing clinicians’ burden
and the amount of time spent constructing notes while simultaneously improving the experience of both
clinicians and patients.®

In freeing providers to spend more time and interact more directly with patients, ambient Al scribes may
improve providers’ diagnostic ability. However, ambient Al scribes also introduce new risks that may lead
to diagnostic error. Al-generated notes may be inaccurate, inconsistent, and biased, hindering providers’
diagnostic ability.*'-** While the strong benefits of this new technology may lead to rapid implementation, it
is imperative to carefully consider the consequences it may have on diagnostic safety to mitigate any added
danger.

ML can significantly improve diagnostic safety through:

B Enhanced pattern recognition (e.g., analyzing large datasets to identify patterns that may not be
apparent to human clinicians),®

B ML-powered CDS to provide real-time recommendations based on patient data,*
B Electronic trigger tools to identify signals of diagnostic error,® and
B Predictive analytics to help prioritize diagnostic testing and interventions.®”¢%

More specifically, NLP, a type of ML, can be used to enhance clinical documentation through clinical note
summarization and analysis. NLP is defined as any computer-based algorithm that manages, enhances, and
converts natural language to a form suitable for computational analysis.® NLP technologies can “read”
unstructured documentation and convert it into discrete data, including automatically summarizing lengthy
clinical notes and documentation, extracting key findings, diagnoses, and treatment plans to create concise
and structured summaries.

Clinical summarization tools can improve documentation efficiency, enhance readability, and facilitate
information retrieval for providers, supporting better clinical decision making and patient care.” Studies
show that NLP has better sensitivity than ICD codes at identifying common patient symptoms, particularly
when the symptom burden is high.”!

Because NLP technologies can analyze free-text notes to extract relevant diagnostic information, such as
symptoms, findings, and provisional diagnoses, specially designed NLP algorithms can glean important
insights from notes. By automatically identifying and coding diagnoses from unstructured text, NLP
streamlines the documentation process, reduces manual effort, and improves the accuracy and consistency of
diagnosis documentation.

NLP techniques can perform semantic analysis of clinical notes to identify key concepts, relationships,

and contextual information related to diagnoses. By mapping clinical terms to standardized medical
terminologies (e.g., SNOMED CT, ICD-10), NLP facilitates the recognition and normalization of diagnoses,
ensuring consistency and interoperability in clinical documentation.

Lastly, NLP-powered CDS systems can assist providers in documenting diagnoses by offering real-time
suggestions, alerts, and recommendations based on the patient’s clinical data and documentation. NLP



decision support tools can help providers consider differential diagnoses, adhere to clinical guidelines,

and ensure thorough and accurate diagnosis documentation. Examples illustrating future implications for
clinical practice include a model to predict in-hospital mortality using notes in the first 24 hours of a patient
admission’ and a model to identify prediabetes discussions in clinical documentation.”

Patients play a role in both providing and reviewing data to ensure its accuracy and completeness. Still,
the completeness of a patient’s record depends on information entered, not just the design. Records
could be inaccurate if a patient withholds information, such as symptoms or family history, or providers
unintentionally omit relevant information.

Government initiatives, beginning with legislation in 2009, incentivized health systems to offer patients
electronic access to their own data via secure electronic patient portals.” Opportunities continue to emerge
for patients to review their data to ensure accuracy and facilitate shared decision making.” With the growing
awareness of the importance of patient input in achieving diagnostic excellence, there is great interest in the
utility of patient access to their notes. Codified by the 21st Century Cures Act, “the open notes” movement
now legislates immediate patient access to their notes.

Open Notes is an international movement designed to promote transparency in healthcare and is endorsed
by the American College of Physicians.”® Studies show that when patients read their notes, they identify a
large number of errors, especially related to diagnosis.?*””’® Common errors include mistakes in diagnoses,
medical history, medications, physical examination, and test results, notes on the wrong patient, and errors
on which side of the body was the site of the injury or symptom.

Patient engagement with their notes is not universal, with significant disparities observed.”* One factor
is the complexity and structure of standard medical notes. Numerous studies suggest that typical notes are
not at an appropriate reading level for most patients and patients often misconstrue or misinterpret even
some of the most standard phrases in their notes.?'3 However, expecting providers to manually change
their documentation practice is not only unreasonable but will likely increase providers’ already heavy
documentation workload.

The rapid advancement of large language models now affords the ability to automate the creation of
simplified patient-centric notes from existing provider documentation without negatively affecting provider
documentation burden. Preliminary studies suggest it is not only feasible, but in controlled settings,

also improves patient comprehension of the documented information.®® Future studies will be needed to
determine the scalability of this technology and the impact of automated conversion of standard notes on
patient engagement with their EHR.

The National Academies of Sciences, Engineering, and Medicine (NASEM) report Improving Diagnosis
in Healthcare described successful diagnosis in the 21st century. It is a team-based, patient-centric model
leveraging the knowledge and skills of all interprofessional staff and expanding the diagnostic team to
include pathologists, radiologists, allied health professionals, medical librarians, and others.*%

Encouraging collaboration among members of the care team, including physicians, nurses, specialists,

and allied health professionals, promotes a multidisciplinary approach to diagnosis documentation.
Effective communication among care team members fosters a shared understanding of the patient’s clinical
presentation, diagnostic evaluation, and treatment plan. By facilitating open dialogue and information
exchange, communication helps align the care team’s efforts and priorities, leading to more cohesive and
coordinated clinical documentation in the EHR.%



Collaborative documentation allows each team member to contribute their unique perspectives, clinical
insights, and expertise to ensure comprehensive and accurate documentation of the patient’s diagnosis.
Expanding the diagnostic team will bring both challenges and opportunities for improving diagnostic
documentation by facilitating effective teamwork. Implementing administrative changes, such as providing
documentation assistance and fostering empowered teamwork, can alleviate the burden on clinicians by
redirecting data entry responsibilities.

Conclusion

Clinical documentation has transitioned from paper-based records to digital formats, driven by regulatory
initiatives and technological advancements. Diagnostic documentation is crucial for diagnostic safety as

it ensures accurate and comprehensive recording of patient information, which supports effective clinical
decision making and continuity of care. Detailed documentation enhances patient safety by reducing the risk
of diagnostic errors and facilitating timely interventions.

EHR data are vital for quality metrics and performance evaluations, driving improvements in healthcare
practices. Comprehensive EHRs provide a rich dataset for future research, enabling studies that can uncover
patterns, improve diagnostic processes, and advance medical knowledge.

The field of clinical documentation is vast, covering aspects such as safety, effectiveness, equity, patient-
centeredness, timeliness, and efficiency. Each of these domains offers opportunities for indepth study.
However, specific knowledge about diagnostic errors within clinical documentation is limited, indicating a
need for further research to enhance our understanding in this area.

Ongoing developments, including the integration of Al and advanced big data approaches, open notes
initiatives, and enhanced teamwork among care teams, are poised to reshape the future of diagnosis
documentation. Through continued innovation and collaboration, the future of diagnosis documentation in
EHRs will reflect accurate, comprehensive, and patient-centered care.
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