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Abstract

Despite its growth as a clinical activity and research topic, the complex dynamic nature of advance care plan-
ning (ACP) has posed serious challenges for researchers hoping to quantitatively measure it. Methods for mea-
surement have traditionally depended on lengthy manual chart abstractions or static documents (e.g., advance
directive forms) even though completion of such documents is only one aspect of ACP. Natural language
processing (NLP), in the form of an assisted electronic health record (EHR) review, is a technological advan-
cement that may help researchers better measure ACP activity. In this article, we aim to show how NLP-assisted
EHR review supports more accurate and robust measurement of ACP. We do so by presenting three example
applications that illustrate how using NLP for this purpose supports (1) measurement in research, (2) detailed
insights into ACP in quality improvement, and (3) identification of current limitations of ACP in clinical
settings.
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Over the past decade, advance care planning (ACP)
has seen tremendous growth as a clinical practice and

research topic. Once thought to be a static procedure limited
to completing advance directives, ACP is now understood as
an ongoing process between patients, families, and clinicians
to elucidate and articulate patients’ preferences.1 The goal of
ACP is to deliver care consistent with patients’ values and
wishes,2,3 but manual chart abstraction methods are labori-
ous, time consuming, and not practical for measuring ACP
from the electronic health record (EHR) at a population
level.4,5

As a result, advance directives have been the default
source of data when measuring ACP for large cohorts, such as
in research or evaluation. Advance directives, however, are

only one representation of an otherwise dynamic and ongoing
process of ACP. In other words, the use of standardized
documents alone may be limiting our ability to fully capture
and measure ACP.

Integrating natural language processing (NLP) into ACP
measurement is one way by which our measures can better
match the dynamism of the field. NLP, an umbrella term used
for computational techniques used to identify and/or char-
acterize text-based data, has increasingly been used in health-
related research.6 Applications of NLP can rely solely on
machine learning approaches, solely on rule-based appro-
aches, or on a hybrid of the two.7 Several prior studies have
developed and validated rule-based NLP techniques for
detecting ACP information within clinical texts.8,9 NLP’s
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salience to ACP measurement lies in its ability to, like man-
ual chart abstraction, capture goals-of-care conversations
recorded in the free-text of clinical notes—a source of data
that may better reflect the ongoing nature of ACP.

NLP research can be conducted using a variety of tools.
A recently published scoping review regarding the use of
NLP in palliative care research identified 32 different NLP
software that have been utilized in published research.10

These software range from Python libraries to independently
developed tools such as ClinicalRegex,11 an NLP-powered
human-assisted interface that allows for rapid review of ACP
documentation within the free text of clinical notes.

Developed by our team, this rule-based NLP software is
the basis for our data; the tool rapidly identifies instances of
ACP documentation through keywords and presents such
instances on a user-friendly interface for a human to review
its accuracy. This methodology is supported by multiple
studies: NLP-assisted chart review is a reliable efficient
alternative to manual chart review that supports ACP mea-
surement on a scale otherwise infeasible.8,9,12

In this article, we aim to show how NLP-assisted chart
review supports more accurate and robust measurement of
ACP. We do so by presenting three application examples that
illustrate how using NLP for this purpose supports (1) robust
measurements in research, (2) detailed insights into ACP in
quality improvement, and (3) identification of current limi-
tations of ACP in clinical settings.

In Research.

.the method chosen to measure ACP documentation
may influence the estimated effectiveness of an intervention.
Large-scale ACP measurement tends to rely upon standard-
ized ACP data (e.g., documents such as health care proxy
forms). Although completing such forms is an important part
of ACP, in isolation—as mere datapoints within the larger
context of a trial—they may provide a limited view of the
care a patient received.

‘‘Forms or Free-Text?: Measuring Advance Care Planning
Activity Using Electronic Health Records,’’ a 2023 study
recently published in Journal of Pain and Symptom Man-
agement, illustrates how the methods chosen to measure ACP
can impact the preference accuracy and occurrence13 of ACP
within the patient population. This study, a secondary anal-
ysis of data collected in a multisite pragmatic trial focused on
improving ACP among seriously ill patients14 (ACP: Pro-
moting Effective and Aligned Communication for the El-
derly [UG3AG060626]), evaluated all ACP documentation
in the EHR of 435 patients.

ACP was captured in two ways: (1) review of standardized
ACP documents (e.g., MOLST, HCP, Living Wills) and
(2) NLP-assisted chart review of documented ACP discus-
sions (defined as documentation of at least one conversation
about goals-of-care conversations, hospice use, palliative
care involvement, and/or limitations of life-sustaining treat-
ments) within the free text of clinical notes.9,15

In widening the scope of ACP measurement to include
NLP-assisted chart review, the clinical notes revealed
that significantly more patients had engaged in ACP than
would have been detected by standardized data alone (NLP
found ACP documentation among 55% of patients as oppo-
sed to 43% detected through standardized documents).13

Furthermore, this analysis discovered a substantial number
of patients (16.6%) only had ACP documents that were
incorrectly completed or left incomplete, highlighting pot-
ential limitations associated with relying on only stan-
dardized documents to measure ACP.15

The capacity for NLP to capture previously inaccessible
free-text documentation highlights new opportunities for
improving research, and overcoming these identified limita-
tions, allowing us to better measure dynamic ACP activity.

In Quality Improvement.

.operational data support high-quality care by giving
insights into care practices and delivery. Such data can be
used to drive incentives, report back to payers, or inform
quality improvement projects. NLP can capture the in-the-
moment ACP conversations recorded in the notes, a data
source previously inaccessible in rapid evaluations of ACP.
With these data in hand, hospitals and systems can better
understand institutional ACP practices and identify potential
areas for clinical improvement.

The promise of NLP for clinical settings is showcased by
on ongoing project at Dana-Farber Cancer Institute (DFCI).
Patients with serious illnesses at DFCI can reach a poor
prognosis, a clinical designation made by the patient’s care
team.16 Once patients have reached this point, their clinicians
will receive nudges reminding them to engage the patients in
ACP and document it in the EHR.

As a part of an effort to understand and improve this
practice, data from a sample of 91 patients from 12 oncology
disease centers at DFCI were analyzed to determine the fre-
quency of goals-of-care conversations before their clinician
receiving a nudge to document. Goals-of-care conversations
were measured through the completion of a standardized
structured serious illness conversation EHR tab and through
NLP-assisted chart review of clinical notes.

Among the 91 patients, 62 had at least one goals-of-care
conversation documented either in the EHR tab or in the free-
text of clinical notes. Twenty-one patients had ACP docu-
mentation in both the tab and NLP-assisted chart review,
5 patients had documentation only through the tab, and
36 patients had documentation solely identified by NLP-
assisted chart review.

A major benefit of the ACP tab is that the information
is readily available for clinicians caring for patients, for
example, in the emergency room, making it easier to provide
ongoing goals-of-care conversations across care settings.
However, being able to identify the 36 patients who had ACP
documented in free-text clinical notes, but not in the ACP tab,
identifies a different quality improvement target than cases
who do not have any conversation documented. Future study
should identify novel ways to efficiently use NLP at the point
of care to find ACP documentation in unstructured EHR
fields such as clinical notes.

In Clinical Settings.

.successful ACP is characterized by engaged informed
participation from patients and families. The data used to
benchmark the success of ACP-focused interventions are
often a product of clinicians’ activities, such as documenta-
tion or scanning ACP-related forms into the EHR. Though
these data are valuable, they may not be fully representative
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of a patient’s experience of engaging in ACP. Rather, inte-
grating patient-reported ACP outcomes alongside evidence
of clinician documentation is one way of better understand-
ing how patients perceive and participate in ACP.

The results of a recent randomized trial17 focused on imp-
roving serious illness conversations among patients with
metastatic breast cancer showcased the power of using
NLP to investigate clinician ACP documentation alongside
patient-reported outcomes. In the context of end-of-life care,
the trial collected patient responses to the question: ‘‘Have
you and your doctor discussed any particular wishes you have
about the care you would want to receive if you were dying?
(Yes/No)’’ and identified goals-of-care conversation docu-
mentation in clinical notes through NLP-assisted chart
review.

Collecting both these data simultaneously provided an
opportunity to compare NLP-detected clinical documenta-
tion of goals-of-care discussions with patient-reported
engagement in goals-focused end-of-life conversations, a
comparison that had the power to reveal latent perspectives
embedded in patient- and clinician-centered data. Among
intervention patients, only 38% reported having had a con-
versation about wishes for care with their oncologist. Yet,
67% of patients were found to have documentation of an end-
of-life care discussion in their chart. This 29% difference in
clinician documentation and patient-reported discussions
points to differences in patient and clinician understandings
and perceptions of ACP communication.

Some of the differences may be due to survey methodol-
ogy. For example, in this study, despite receiving the survey
containing ACP-relevant questions every four weeks, the
respondents may have only answered the survey once, at a
time point when no goals-of-care conversation had yet been
held. However, having both timely patient and clinician data
together allows us to understand the complexity of ACP and
the limitations of our measures and proxies, inform care in a
nuanced way, and identify questions about potentially dif-
ferent definitions or thresholds regarding these conversations
to inform ongoing improvements in care. NLP methods allow
us to capture the medical record documentation in a timely
manner to inform integrated assessments of ACP.

Conclusion

Together, these three example applications show the imp-
ortance of integrating NLP into ACP measurement. They
show how NLP-assisted chart review can provide an efficient
approach to measure ACP outcomes accurately and more
comprehensively, how it can be used to enhance ACP quality
improvement, and how it can help garner important insights
about patient perceptions of ACP. Rule-based NLP, such as
that used in the example applications, is far from a perfect
way of measuring or understanding all that ACP encom-
passes. Given that it relies on text documentation, NLP is
limited by what is written in a patient’s chart, the quality of
that documentation, its authorship reflecting clinician rather
than patient testimony, and how human users of NLP-assisted
chart review software utilize the tool.

Inherent limitations to rule-based NLP also include that
searches only take place regarding defined targets (e.g.,
domains relevant to ACP are defined by the study team;
different clinicians/researchers may disagree on what is imp-

ortant to include), and that keyword libraries of search terms
are not exhaustive. Even still, NLP offers a notable oppor-
tunity for clinicians and researchers seeking a more nuanced
understanding of ACP’s issues and incongruences. In the near
future, NLP could be applied to audio recordings of con-
versations between patients and their clinicians.

As speech-to-text models improve and audio data become
increasingly available with the rise of telehealth, NLP may soon
become an option for recording and analyzing in-the-moment
ACP conversations, bypassing the testimonial limitations of
clinician-authored clinical notes (though transcription biases
will be the important limitation to consider). Ultimately, NLP is
a technology that continues to grow as the data and context
evolve around it.
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