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Abstract

Background: Alone, administrative data poorly identifies patients with palliative care needs.
Objective: To identify patients with uncommon, yet devastating, illnesses using a combination of administrative
data and natural language processing (NLP).
Design/Setting: Retrospective cohort study using the electronic medical records of a healthcare network to-
taling over 2500 hospital beds. We sought to identify patient populations with two unique disease processes
associated with a poor prognosis: pneumoperitoneum and leptomeningeal metastases from breast cancer.
Measurements: Patients with pneumoperitoneum or leptomeningeal metastasis from breast cancer were
identified through administrative codes and NLP.
Results: Administrative codes alone resulted in identification of 6438 patients with possible pneumoperitoneum
and 557 patients with possible leptomeningeal metastasis. Adding NLP to this analysis reduced the number of
patients to 869 with pneumoperitoneum and 187 with leptomeningeal metastasis secondary to breast cancer.
Administrative codes alone yielded a 13% positive predictive value (PPV) for pneumoperitoneum and 25%
PPV for leptomeningeal metastasis. The combination of administrative codes and NLP achieved a PPV of
100%. The entire process was completed within hours.
Conclusions: Adding NLP to the use of administrative codes allows for rapid identification of seriously ill patients
with otherwise difficult to detect disease processes and eliminates costly, tedious, and time-intensive manual chart
review. This method enables studies to evaluate the effectiveness of treatment, including palliative interventions,
for unique populations of seriously ill patients who cannot be identified by administrative codes alone.
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Introduction

Palliative care investigators hoping to study the im-
pact of interventions in large populations face chal-

lenges in identifying the target population. This difficulty
in recognizing patients with serious illness has been termed
‘‘the denominator challenge.’’1 Researchers remain de-
pendent on extraction specialist to tediously sift through
charts isolating relevant information.2–4 Use of struc-
tured data codes, such as administrative claims, can obviate
this process, but at the cost of a reduction in specificity

and accuracy. In a recent report, Kelley and Bollens-
Lund1 calculated the sensitivity of standard techniques to
be <50%.

The vast majority of patient information (70%–80%) resides
in unstructured free-text notes, which are not readily captured
by administrative codes.5 Powerful computational methods
such as natural language processing (NLP) now make it pos-
sible to quickly analyze free-text clinical notes stored within
the electronic health record (EHR).6,7 These methods are
particularly relevant to the field of palliative medicine, where,
as demonstrated above, standard administrative data poorly
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capture the relevant patient populations. Without a ready
ability to identify patients, it is impossible to determine the
effectiveness of various interventions. Randomized controlled
trials are time consuming, costly, and not always practical,
especially in patients with serious illness. Retrospective
population-level review can help answer important clinical
questions, but only if relevant populations can be identified.8

Unfortunately, palliative care physicians and researchers have
not been able to take advantage of these techniques due to a
lack of practical methods of identifying these patients.9,10

We sought to validate a novel combination of NLP meth-
ods and administrative codes in identification of seriously ill
patients. We chose to focus on one surgical diagnosis, pneu-
moperitoneum, and one medical diagnosis, leptomeningeal
metastases, secondary to stage IV breast cancer. Both patient
populations have a high associated mortality and many within
these groups could benefit from early palliative care refer-
ral.11–13 We chose these two examples to highlight how NLP
might improve the efficiency of identifying patients with se-
rious illness and facilitate high-quality studies.

Methods

Data source

Our primary data source was the Partners HealthCare
Research Patient Data Registry. This registry gathers data
from multiple EHR’s at Partners HealthCare, a large network
in Massachusetts with over 2500 hospital beds serving ap-
proximately one-third of all hospitalized patients in the
Boston metropolitan area. Administrative data are available
for encounters across all hospital and clinic settings within
the Partners HealthCare system. Data are linked to EHR
notes, including consultation notes, progress notes, procedure
notes, and discharge summaries. This study was approved by
the Partners Institutional Review Board.

Population screening

Initial population screening was performed using Inter-
national Classification of Diseases, 9th Revision (ICD-9)
diagnosis codes, which are compiled for every patient en-
counter in Partners HealthCare. We used ICD-9 diagnosis
codes for unspecified peritoneal disorder (568.89) and vis-
ceral perforation (596.83) to identify patients with possible
pneumoperitoneum between January 1, 2010 and September
30, 2015. We used ICD-9 codes for breast cancer (174.0–
174.9, 175.0, and 175.9) and leptomeningeal disease (198.4)
to identify patients with possible leptomeningeal metastases
between January 1, 2010 and September 30, 2015.

Natural language processing

After the population of patients was screened using diag-
nostic codes, regular expression of NLP was used to identify
patients with a specific disease. Our NLP software, Clin-
icalRegex, identifies predefined keywords or phrases within
the clinical notes, taking into account varieties in language
and punctuation. ClinicalRegex also allows for rapid semi-
automated review that ensures that keywords have not been
taken out of context. For pneumoperitoneum, we used the
phrases ‘‘free air,’’ ‘‘extraluminal air,’’ extraluminal gas,’’
and ‘‘pneumoperitoneum’’ to review radiology reports of
patients identified through administrative codes. For lepto-

meningeal disease, we reviewed radiology reports using the
keyword ‘‘leptomeningeal.’’ Notes that contained the above
phrases were reviewed to ensure accuracy. The review pro-
cess was performed in a semiautomated manner, in which the
notes were listed with the phrase or word highlighted to fa-
cilitate identification. In the case of pneumoperitoneum, the
review was performed by a surgical resident. In the case of
leptomeningeal disease, the review was performed by an at-
tending neurologist. Semiautomated review ensures that the
positive search terms have not been taken out of context. For
example, NLP may erroneously identify a note in which the
phrase ‘‘no evidence of’’ precedes the desired search term.

Results

Initial population screening, using ICD-9 diagnosis codes,
yielded 6438 patients with possible pneumoperitoneum and
557 with metastatic leptomeningeal disease. These patients’
hospitalizations were associated with 299,449 and 32,519 ra-
diology reports, respectively. Using NLP, we reduced the
number of radiology reports by *95%. The remaining reports
were reviewed by trained physicians in a semiautomated
manner with NLP highlighting key phrases and words to
facilitate identification of the relevant patient population.
Through this process, we were able to identify 869 patients
with pneumoperitoneum and 187 patients with leptomeningeal
metastasis. The entire process was completed within hours.
Use of administrative codes alone was associated with a pos-
itive predictive value of 13% for pneumoperitoneum and 25%
for leptomeningeal metastasis from breast cancer. This step-
wise progression is summarized in Table 1.

Discussion

Language can communicate complex ideas and nuanced
decisions. In a written document such as the medical record,
it is found in text. Yet, the current state of the art methodology
is only able to extract ‘‘defined field’’ entries, such as used in
coding for administrative databases. Sadly, the extraction of
meaning from text relies on humans reading every note then
interpreting it—a time-consuming and expensive process.
Developments in computer technology yield the potential to
gather meaningful nuance from written text in a fraction of
time and at a lower cost. This project reports preliminary
progress toward that goal.

Table 1. Stepwise Identification of Relevant

Patient Populations with Serious Illness

Pneumoperitoneum
Leptomeningeal

metastasis

Population screening
Patients identified using

administrative codes
6438 557

Radiology reports
associated with patient
population

291,449 32,519

Natural language processing
Radiology reports

containing key word(s)
13,978 1602

Confirmed positive
radiology reportsa

1429 214

No. of patients in the
final denominator

869 187

aNote that some patients had multiple positive radiology reports.
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Conceptually, we use a three-step approach to identify
patients with serious illness that are otherwise difficult
to isolate. In this process, we use ICD-9 diagnostic codes
to screen for a potential disease process (step 1). These ad-
ministrative codes have a high sensitivity, but a low speci-
ficity.14 From this pool of potential patients, NLP methods
allow for accurate and efficient isolation of the relevant
population (step 2). In the examples described in this study,
NLP was used to scan through radiology reports. However,
NLP methods can be used for any free-text patient data (clinic
notes, pathology reports, etc.) to identify keywords or phrases
associated with a particular diagnosis. The charts of patients
identified through this process can be audited in a semi-
automated process to ensure accuracy (step 3). NLP reduces
the time required to review charts by more than a 1000-fold
compared to standard manual chart review.15 This process is
illustrated in Figures 1 and 2.

The described methods proved successful in both a sur-
gical population (pneumoperitoneum) as well as a medical
population (leptomeningeal metastasis). Both disease pro-
cesses are associated with high short-term mortality and may
lead to a reevaluation of treatment priorities.10,11 Despite
their high mortality and morbidity, the administrative codes
associated with leptomeningeal metastasis and pneumoper-
itoneum have a low specificity. This has limited previous

studies to small single-institution case series, in which
manual identification could be performed.11–13,16 The meth-
ods described in this work offer a potential mechanism for
identifying large numbers of these patients without the aid
established registries.

Finally, the methods for identifying seriously ill popula-
tions described in this study offer a potential solution to the
‘‘denominator’’ problem within the field of palliative care. As
reported by Kelley and Bollens-Lund,1 administrative data
poorly capture patients with serious illness, which have
limited the optimal treatment of these populations. Palliative
care in this population can improve quality and reduce
cost.17–20 Understanding which populations may most benefit
from palliative care is a critical step to disseminating the
service. NLP methods aid in defining the population at risk.
While NLP can be used in innumerous research modalities,
its potential in the palliative care population is paramount, as
there is currently no effective method for efficient identifi-
cation of patients with palliative care needs at a population
level. The methods described in this article can immediately
facilitate the identification of palliative care population in
retrospective reviews aimed at evaluating the outcomes of
various treatment paradigms. Through further work, these
methods may be operationalized at a health system level to
detect patients with palliative needs in a prospective manner.

FIG. 1. Three stage process of patient identification.

FIG. 2. Schematic of NLP. Sensitive, but nonspecific administrative codes are used to capture thousands of reports, which may
be indicative of a disease process (A). NLP rapidly scans through the free-text reports and isolates those that screen positive for
the desired search terms (B). In this example, the terms ‘‘free air’’ and ‘‘pneumoperitoneum’’ were used. Semiautomated review
allows the researcher to review notes in which the search terms appear. The search terms are highlighted by the NLP to facilitate
rapid review. If a note is confirmed positive, the reviewer can place an indicator in the annotated value box. In this case the
reviewer used the digit ‘‘1’’ to indicate ‘‘free air.’’ The output from the screening is automatically exported to a spreadsheet (C).
In this example, all data have been deidentified. CT, computed tomography; NLP, natural language processing.
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While NLP has enormous potential, there are limitations
that should be acknowledged. Chief is accuracy of docu-
mentation. NLP can efficiently identify patients within the
EHR, so long as clinicians produce some form of documen-
tation. If clinicians fail to document their interactions with
patients, then NLP will also fail to identify these patients. In
addition, as mentioned above, NLP requires semiautomated
auditing to ensure that notes with negative modifiers are
appropriately categorized. While machine learning tech-
niques are being developed to obviate this requirement, at this
time, it is still necessary to ensure specificity.

Conclusion

A combination of administrative codes and NLP rapidly
identifies seriously ill patients with otherwise difficult to
detect disease processes. NLP methods enable larger retro-
spective studies evaluating the effectiveness of treatment in
patients, who can benefit from palliative interventions. Future
work, aimed at operationalizing these methods, may lead to
real-time identification of patients with palliative care needs.
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