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BACKGROUND: Systematic identification of patients al-
lows researchers and clinicians to test newmodels of care
delivery. EHR phenotypes—structured algorithms based
on clinical indicators from EHRs—can aid in such
identification.
OBJECTIVE: To develop EHR phenotypes to identify de-
cedents with stage 4 solid-tumor cancer or stage 4–5
chronic kidney disease (CKD).
DESIGN: We developed two EHR phenotypes. Each phe-
notype included International Classification of Diseases
(ICD)-9 and ICD-10 codes. We used natural language
processing (NLP) to further specify stage 4 cancer, and
lab values for CKD.
SUBJECTS: Decedents with cancer or CKD who had been
admitted toanacademicmedical center in the last6months
of life and died August 26, 2017–December 31, 2017.
MAINMEASURE:We calculated positive predictive values
(PPV), false discovery rates (FDR), false negative rates
(FNR), and sensitivity. Phenotypes were validated by a
comparison with manual chart review. We also compared
the EHR phenotype results to those admitted to the on-
cology and nephrology inpatient services.
KEY RESULTS: The EHR phenotypes identified 271 de-
cedents with cancer, of whom 186 had stage 4 disease; of
192 decedents with CKD, 89 had stage 4–5 disease. The
EHR phenotype for stage 4 cancer had a PPV of 68.6%,
FDR of 31.4%, FNR of 0.5%, and 99.5% sensitivity. The
EHR phenotype for stage 4–5 CKD had a PPV of 46.4%,
FDR of 53.7%, FNR of 0.0%, and 100% sensitivity.
CONCLUSIONS: EHR phenotypes efficiently identified pa-
tients who diedwith late-stage cancer or CKD. Future EHR
phenotypes can prioritize specificity over sensitivity, and
incorporate stratification of high- and low-palliative care
need. EHR phenotypes are a promising method for identi-
fying patients for research and clinical purposes, including
equitable distribution of specialty palliative care.

INTRODUCTION

Palliative care services improve quality of life, reduce
intensive treatments, and in some settings extend surviv-
al for patients with late-stage serious illness.1 Experts
are calling for additional research to maximize uptake of
palliative care by expanding and implementing existing
interventions to improve access to specialty palliative
care.2–4 Patients with late-stage cancer and chronic kid-
ney disease (CKD) have high symptom burden and
require complex decision making, particularly around
initiation and discontinuation of treatments such as radi-
ation therapy, chemotherapy, dialysis, and transitions to
hospice. Generally, specialty palliative care is referral-
based, and access is dependent on the referring provider
and availability of a palliative care clinic or inpatient
service.5 An important step for improving access is
systematically identifying patients with late-stage disease
who could benefit from referral to palliative care.6 How-
ever, unlike vital signs or lab results, disease stage is
not consistently reported in structured data fields in
electronic health records (EHRs). Patients with late-
stage disease are thus difficult to distinguish for pur-
poses of palliative care research or for targeted referral
to clinical services.
EHR phenotypes can be used to identify populations

of patients with specific conditions or service needs.
EHR phenotypes are customizable algorithms that query
EHR data, typically for International Classification of
Disease (ICD)-9 or ICD-10 codes, lab values, or demo-
graphic or clinical characteristics. In prior work, our
research team found that an EHR phenotype was an
efficient mechanism to identify hospitalized patients with
late-stage dementia for enrollment in a palliative care
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clinical trial based on ICD codes for dementia or cogni-
tive impairment, age, and inpatient status.7, 8 Tradition-
ally, EHR phenotypes have been built and applied to
identify genotype and biologic data.9, 10 Although EHR
phenotypes typically rely on quantitative data fields, nat-
ural language processing (NLP) offers an additional ave-
nue for defining and refining EHR phenotypes. NLP is a
method by which one can search text (e.g., notes in the
EHR) to find information based on free text, including
key words and synonyms, that would not otherwise be
identifiable from structured data fields. NLP is a method
by which one can search text (e.g., notes in the EHR) to
find information based on free text that would not other-
wise be identifiable from structured data fields.11

To date, informatics approaches to palliative care have
rarely been applied due to the difficulty in generating
effective EHR phenotypes.12 In general, EHR phenotypes
can be difficult to develop when based solely on struc-
tured data (e.g., ICD codes) due to cost of data and
software requirements, though those barriers are becom-
ing easier to overcome. For palliative care and many
disciplines, effective interpretation of data relies largely
on unstructured data, compared with fields that can rely
on structured data (e.g., genotypes, lab values). Incorpo-
rating NLP into EHR phenotypes offers a novel approach
to systematically and accurately identify patients who
may benefit from palliative care services and may be
able to make EHR phenotypes more accurate by
encompassing unstructured data. For example, ICD codes
can be used to indicate diagnostic testing rather than
actual diagnoses; in these instances, properly calibrated
NLP has potential to improve specificity. While many
clinical interventions and research projects depend on
referral and manual screening of census or clinic lists,
EHR phenotypes (including NLP) may reduce time and
effort for staff. Effective EHR phenotypes can support
more thorough identification of patient populations in
both clinical and research settings.
As part of a retrospective study to assess receipt of palliative

care in the last 6 months of life among decedents with serious
illness (cancer and CKD), we sought to use structured queries
and NLP (in cancer) to develop two separate EHR phenotypes
to identify decedents with1 stage 4 solid-tumor cancer or2

stage 4–5 CKD. We then tested the EHR phenotype on a
cohort of decedents who had been admitted to the hospital at
least once in their last 6 months of life to determine its ability
to identify decedents with late-stage disease.

METHODS

EHR phenotype development requires several steps, as noted
here and described in detail below. These include (1) defining
inclusion and exclusion criteria for each disease cohort; (2)
testing and refining criteria by comparing them with a

clinically defined “gold standard” validation group; and (3)
analyzing each EHR phenotype’s effectiveness in appropriate-
ly including and excluding decedents with late-stage disease.

Setting and Cohort Eligibility

The EHR phenotypes for this study were developed and tested
at the University of North Carolina (UNC) Medical Center,
with 929 adult beds with nearly 30,000 non-obstetric admis-
sions in FY17. The research dataset consisted of EHR records
for all decedents who had the following1: a date of death
between August 26, 2017, and December 31, 2017; and2 an
acute, non-planned hospitalization lasting at least 24 h during
the 6 months preceding death. Decedents were excluded if
they were prisoners at the time of admission, were < 18 years
of age, or had been at an outside hospital for > 24 h before
transfer to UNC Medical Center. All study procedures were
approved by the University of North Carolina Institutional
Review Board.

Development and Refinement of the EHR
Phenotype

To construct the EHR phenotype, we used data from the EHR
linked by name and medical record number (MRN) to the state
death certificate database. We used Informatics for Integrating
Biology and Bedside (i2b2, Boston, MA) software to search
structured data fields to return a de-identified count of dece-
dents who meet the criteria.13 We linked the de-identified
cohort from i2b2 to names and MRN from the Carolina Data
Warehouse (IBM Business Objects, Armonk, NY), which
stores both UNC Medical Center EHR data and North Caro-
lina state death certificate data, to build a list of decedents who
met the inclusion criteria. A list was generated to a secure
research server with the identifying information of those de-
cedents who met the parameters.
Two researchers (NCE, KLW) with extensive experience in

chart review and EHR-based research were trained on the
specific eligibility criteria. Upon receiving output from the
EHR phenotypes, one reviewer then screened each medical
record for evidence of stage 4 cancer or stage 4–5 CKD,
respectively, by reviewing structured data in the chart and all
physician or advance practice provider notes. Decedents with
unclear disease classification were assessed by the second
researcher, and the two reviewers deliberated to reach a con-
sensus judgment. A physician was available for adjudication
(LCH).
Stage 4 cancer EHR phenotype: We identified 1081

ICD-10 codes and 14 categories of cancer-related ICD-9
codes to identify any malignant solid tumor (all stages);
we also included 69 ICD-10 codes and 4 ICD-9 catego-
ries of codes that specifically designated metastases or
stage 4 disease. This first iteration of the phenotype
identified 272 decedents, 186 of whom were confirmed
by chart review to have stage 4 solid tumor disease. (See
Appendix for the complete list of ICD codes.) For the



second iteration, we refined the EHR phenotype by in-
corporating NLP techniques using EMERSE (Electronic
Medical Record Search Engine; Ann Arbor, MI), a soft-
ware that searches text- and note-based fields within the
EHR.14 Because the NLP was intended to refine the EHR
phenotypes by making them more specific (rather than
more sensitive), the cohort of decedents identified by the
first structured iteration of the EHR phenotype were
uploaded into EMERSE. We used key word searches by
adding the search terms “stage 4,” “stage iv,” “stg 4,”
“metastatic,” and “mets” in all EHR notes to eliminate
decedents from the cohort who did not also have one of
the search terms. “Mets” and “stg 4” did not appear in
any true positive results without at least one other search
term, so we eliminated that term from the final search
criteria. The final search criteria yielded 271 decedents,
186 (68.6%) of whom were confirmed to have stage 4
solid tumor cancers.
Stage 4–5 CKD EHR phenotype: We started by identifying

80 ICD-10 codes and 3 ICD-9 codes associated with stage 4–5
CKD; this first iteration identified 259 decedents, 89 of whom
were confirmed to have late-stage disease. For the second
iteration, we incorporated lab values for glomerular filtration
rate (GFR) associated with stage 4–5 CKD. We started by
broadly requiring that a record indicates at least one value for
which GFR < 30 ml/min, which is associated with stage 4
(GFR 15–29 ml/min) and stage 5 (GFR < 15 ml/min)
CKD.15 At that point, the phenotype identified 192 decedents,
89 of whom were confirmed to have late-stage disease.
We further refined the GFR values in a third iteration by

requiring at least 2 values below 30 ml/min within 90 days,
which is consistent with the time-based clinical definition for
CKD.15 At that point, the date range yielded 171 decedents, 86
(50.3%) of whom were confirmed to have late-stage disease.

Validation Cohort

To validate the EHR phenotypes, we compared the lists of
decedents compiled by the EHR phenotypes with a gold
standard of lists of decedents admitted to inpatient services
led by subspecialty physicians with expertise for the re-
spective disease states. For cancer, we used the list of all
decedents who had been admitted to services led by med-
ical or gynecologic oncologists from September 3, 2017,
through December 31, 2017 (n = 122). Similarly, we used
the list of decedents with CKD admitted to the inpatient
service led by nephrologists from August 26, 2017,
through December 31, 2017 (n = 21). We selected primary
inpatient services as the comparison groups because they
have the greatest expertise in diagnoses and staging these
diseases. Further, clinical research often identifies patients
via a disease group’s primary clinic or admitting service.
We assessed whether an EHR phenotype could potentially
increase the count of patients assessed for eligibility for
research studies, a common barrier to recruitment in

clinical research. The same trained researchers reviewed
all medical records from the services led by respective
subspecialty physicians to identify the number of dece-
dents with each late-stage disease, respectively, n = 74
decedents with stage 4 cancer and n = 14 decedents with stage
4–5 CKD. Decedent counts for all cohorts are displayed in
Table 1.

Positive Predictive Value, False Discovery Rate,
and Sensitivity

All calculations were conducted separately for stage 4 cancer
and stage 4–5 CKD.
Positive predictive value (PPV) was defined as the

percent of cases identified by the EHR phenotype that
did have late-stage disease as confirmed on chart review.
The false discovery rate (FDR) was defined as the per-
cent of cases identified by the EHR phenotype that did
not have late-stage disease based on chart review. The
false negative rate (FNR) was defined as the percent of
case who were on the gold standard lists of decedents
admitted to inpatient services led by subspecialty experts
(for cancer, medical or gynecologic oncologists; for CKD,
nephrologists) whowere not identified by the EHR phenotype,
relative to decedents with late-stage disease identified by the
EHR phenotype confirmed by chart review.
We calculated the sensitivity, defined as the ratio of

those identified by the EHR phenotype who had late-
stage disease as confirmed on chart review to the total
from both the EHR phenotype and gold standard who
had late-stage disease during the same timeframe. To
examine the EHR phenotypes’ added value, we also
describe the number of cases confirmed to be late stage
on chart review that were identified by the EHR pheno-
types and not admitted to the primary services used for
the gold standard.

Table 1 Counts of Decedents Identified by the EHR Phenotypes and
from the Validation Cohort

Stage 4 cancer Stage 4–5 chronic
kidney disease
(CKD)

Total no. in first iteration 272 259
No. in first iteration with
late-stage diagnosis

186 (68.4% of
total in iteration)

89 (34.4% of total
in iteration)

Total no. in second iteration
(cancer NLP; CKD 1xGFR
< 30)

271 192

No. in second iteration with
late-stage diagnosis

186 (68.6% of
total in iteration)

89 (46.4% of total
in iteration)

Total no. in third iteration
(2xGFR< 30 within
90 days)

171

No. in third iteration with
late-stage diagnosis

86 (50.3% of total
in iteration)

Total no. in validation
cohort

122 21

No. in validation cohort
with late-stage diagnosis

74 (60.7% of
validation cohort)

14 (66.7% of
validation cohort)

GFR glomerular filtration rate, laboratory value



RESULTS

Positive Predictive Value, False Discovery Rate,
False Negative Rate, and Sensitivity of the EHR
Phenotypes

Cancer EHR Phenotype. The first iteration of the EHR
phenotype for cancer had a PPV of 68.4% (186/272). After
adding the NLP components to the EHR phenotype for cancer,
the second iteration had virtually identical PPV (68.6%; 186/
271). Likewise, the FDR of both iterations was very similar,
respectively, 31.6% (85/272) and 31.4% (85/271). The EHR
phenotype for cancer had a sensitivity of 99.5% for both
iterations, meaning it identified nearly all late-stage cancer
decedents in the EHR. Both iterations of the EHR phenotype
for cancer had almost no false negatives, with a FNR for the
more specific (i.e., less sensitive) final phenotype of 0.5%
(1/187) when compared with the gold standard of stage 4
cancer confirmed by chart review on the subspecialty service
lists. Conversely, the final phenotype had a sensitivity of
99.5% (186/187), identifying nearly all decedents with stage
4 cancer on the gold standard list.

CKD EHR Phenotype. The first iteration of the EHR
phenotype for CKD had a PPV of 34.4% (89/259). The
second (requiring at least one GFR < 30 within 90 days) and
third iterations (2xGFR < 30 within 90 days) improved the
PPV to 46.4% (89/192) and 50.3% (86/171), respectively.
Likewise, the FDR for the three iterations were 65.6% (170/
259), 53.7% (103/192), and 49.7% (85/171), respectively. All
iterations of the EHR phenotype for CKD had a FNR of 0.0%
(final iteration 0/86) compared with the gold standard of stage

4–5 CKD confirmed by chart review on the subspecialty
service lists. Likewise, all three iterations had a sensitivity of
100% (final iteration 86/86), identifying all decedents with
stage 4–5 CKD on the gold standard list.
Calculations and final PPV, FDR, FNR, and sensitivity for

each EHR phenotype are presented in Table 2.

EHR Phenotypes’ Added Value Beyond the
Gold Standard

As an additional evaluation of the EHR phenotypes’ capacity
for identifying the two serious-illness populations efficiently
and completely, we examined how many decedents were
hospitalized but cared for by non-subspecialty services. For
stage 4 cancer, the EHR phenotype identified 112 additional
decedents who were not admitted to a service led by an
oncology subspecialist (60.2% of the total population of per-
sons with stage 4 cancer who were identified by the EHR
phenotype). Likewise, the final EHR phenotype for stage 4–5
CKD identified 72 decedents who were not admitted to a
hospital service led by a nephrology subspecialist (83.7% of
persons with stage 4–5 CKD who were identified by the EHR
phenotype). Thus, the EHR phenotype identified many more
decedents with late-stage illness than a search based on the
specialty designation of attending physicians.

DISCUSSION

We developed and tested separate EHR phenotypes for stage 4
cancer and stage 4–5 CKD that efficiently identified decedents
with serious illness who were hospitalized in their last

Table 2 Results of the Final Computable Phenotypes for, Respectively, Stage 4 Cancer and Stage 4–5 Chronic Kidney Disease (CKD)

Formula Calculation of formula components with
project-specific data

Project-specific result Rate (%)

Late-stage cancer
Positive Predictive Value (PPV) = True Positive (TP)/
(True Positive (TP) + False Positive (FP))

TP = EHR phenotype Stage 4 CA 186 68.6
FP = patients from EHR phenotype
without stage 4 CA

85

False Discovery Rate (FDR) = False Positive (FP)/
(True Positive (TP) + False Positive (FP))

FP = Patients from EHR phenotype
without stage 4 CA

85 31.4

TP = EHR phenotype stage 4 CA 186
False Negative Rate = False Negative (FN)/
(False Negative(FN) + True Positive (TP))

FN = Stage 4 CA on a primary oncology service
AND not identified by EHR phenotype

1 0.5

TP = EHR phenotype stage 4 CA 186
Sensitivity = True Positive (TP)/(True Positive
(TP) + False Negative (FN))

TP = EHR phenotype stage 4 CA 186 99.5
FN = Stage 4 CA on a primary oncology service
AND not identified by EHR phenotype

1

Late-stage CKD
Positive Predictive Value (PPV) = True Positive (TP)/
(True Positive (TP) + False Positive (FP))

TP = EHR phenotype stage 4–5 CKD 86 50.3
FP = Patients from EHR phenotype without
stage 4–5 CKD

85

False Discovery Rate (FDR) = False Positive (FP)/
(True Positive (TP) + False Positive (FP))

TP = EHR phenotype Stage 4–5 CKD 86 49.7
FP = Patients from EHR phenotype without
stage 4–5 CKD

85

False Negative Rate = False Negative (FN)/
(False Negative(FN) + True Positive (TP))

FN = stage 4–5 CKD on a primary nephrology
service AND not identified by EHR phenotype

0 0

TP = EHR phenotype stage 4–5 CKD 86
Sensitivity = True Positive (TP)/(True Positive (TP)
+ False Negative (FN))

TP = EHR phenotype stage 4–5 CKD 86 100
FN= stages 4–5 CKD on a primary oncology
service AND not identified by EHR phenotype

0



6 months of life. The EHR phenotypes successfully identified
nearly all decedents with late-stage disease cared for by rele-
vant subspecialists and a large number of decedents with late-
stage disease who were cared for by other attending physi-
cians. The ability of EHR phenotypes to identify patients
across the hospital is promising for both improving systematic
clinical palliative care delivery and identifying patients for
research. The added benefit of the EHR phenotype is that it
becomes feasible to identify patients with cancer, for example,
across the entire hospital. Although patients with cancer may
very reasonably be admitted to other services across the hos-
pital, they would indeed not have been included in a primary
data collection study that requires manual screening, which
would often in practice be limited to the oncology service.
These phenotypes had relatively few false positives and can
thus be used to expedite manual screening. For this reason, we
prioritized sensitivity over specificity to still get a (nearly)
complete pool of decedents eligible for inclusion in the study
cohort while making manual review feasible as it would not
have been if researchers had to screen the entire inpatient
census. For comparison, one NLP system was designed to
identify primary diagnosis that had an accuracy of 82% when
excluding cases with “insufficient data.”16

Specialty palliative care in most hospital settings is a consult
service, meaning the primary clinical service to which a patient is
admittedmust contact the palliative care team to see an individual
patient.17 This consulting model often results in inconsistent
referral patterns.18 Because EHR phenotypes have the potential
to identify patients who could benefit from symptom manage-
ment or discussion of goals of care,7, 19 current referral-based
models of palliative care delivery can be improved by incorpo-
rating automated EHR phenotypes across a hospital. Currently,
automated best practice alerts (BPAs) are increasingly being
implemented in EHRs to flag patients who may be appropriate
for screening or services and to enhance adherence to best
practices.20–22 EHR phenotypes such as those in this study can
be incorporated into BPAs to identify patients in real time who
may benefit from healthcare that is specific to the needs of late-
stage disease, including, but not limited to, palliative care.
Systematically identifying patients with late-stage disease is

also relevant for descriptive and interventional research. The
use of EHR phenotypes can expedite screening processes to
identify patients who are potentially eligible for research pro-
tocols.8 Further, EHR phenotypes can systematize identifica-
tion of patients in research using secondary data sources,
potentially improving validity and generalizability of research
findings.23 Our study illustrates the utility of EHR phenotypes,
as we identified twice as many decedents with late-stage
disease by not limiting searches to the primary clinical ser-
vices, indicating that patients with late-stage serious illness
were not exclusively clustered with subspecialty attending
physicians or hospital units.24 Therefore, although much of
research recruitment and enrollment currently is focused at the
unit level, EHR phenotypes offer enhanced utility when a
patient population is diffused throughout a healthcare system.

Limitations

Our study has several limitations. First, our gold standard list
of decedents excludes those with late-stage cancer or CKD
who may be admitted to services that do not correspond with
those disease groups; further, primary subspecialty services
corresponding with cancer and CKD, respectively, may be
more likely to document ICD codes and diagnoses more
systematically, limiting the observed effect of NLP. As
discussed above, these limitations extend to current clinical
and research practice, so the comparison used in this study
reflects real-world patient identification. Second, this research
was conducted in one academic medical center, which limits
generalizability due to differences in syntax that may be used
in notes across institutions. Third, this research utilized cohorts
of decedents to test and validate the EHR phenotypes; com-
ponents of the phenotypes, including ICD codes, may be
retrospectively applied to patient records upon death. Al-
though we waited the designated lag time for state death
records to be completed, we may not have captured all
deaths.25 Phenotypes should be tested prospectively in order
to better understand their utility for living populations.

Future Research

Future research can build more finely titrated EHR phenotypes
for patients with late-stage disease, incorporating evidence for
high palliative care needs such as symptom distress, frequent
hospitalization, or lack of advance care planning.26 Refined
EHR phenotypes will enhance automation in both clinical and
research settings.27 Some components of these definitions are
already in development, particularly around algorithms to
predict prognosis as patients approach the end of life.28–30

Notably, in this cohort, ICD-10 codes were used with high
efficiency for the cohort with cancer, so the NLP did not
improve specificity to a high degree. Similar approaches
may be applicable to other disease states, particularly when
structured data fields (e.g., laboratory values, ICD codes) do
not facilitate traditional EHR phenotypes. EHR phenotypes
can also be adapted based on the specific clinical or research
need, to prioritize specificity over sensitivity. Implementation
is also limited to healthcare settings’ access to structured EHR
data that is able to be queried and a software (such as i2b2) that
can run the EHR phenotypes. Additionally, future EHR phe-
notypes can be designed to prioritize specificity over sensitiv-
ity for research and clinical projects that target only patients
with late-stage disease.

CONCLUSION

We built two EHR phenotypes that provide an efficient mech-
anism for identifying a cohort of late-stage decedents near the
end of life in the inpatient setting. Such phenotypes can
support both clinical practice and research by systematically
identifying patients who may benefit from palliative care.
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