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ABSTRACT
Objectives Using free- text clinical notes and reports 
from hospitalised patients, determine the performance 
of natural language processing (NLP) ascertainment of 
Framingham heart failure (HF) criteria and phenotype.
Study design A retrospective observational study design 
of patients hospitalised in 2015 from four hospitals 
participating in the Atherosclerosis Risk in Communities 
(ARIC) study was used to determine NLP performance 
in the ascertainment of Framingham HF criteria and 
phenotype.
Setting Four ARIC study hospitals, each representing an 
ARIC study region in the USA.
Participants A stratified random sample of 
hospitalisations identified using a broad range of 
International Classification of Disease, ninth revision, 
diagnostic codes indicative of an HF event and occurring 
during 2015 was drawn for this study. A randomly selected 
set of 394 hospitalisations was used as the derivation 
dataset and 406 hospitalisations was used as the 
validation dataset.
Intervention Use of NLP on free- text clinical notes 
and reports to ascertain Framingham HF criteria and 
phenotype.
Primary and secondary outcome measures NLP 
performance as measured by sensitivity, specificity, 
positive- predictive value (PPV) and agreement in 
ascertainment of Framingham HF criteria and phenotype. 
Manual medical record review by trained ARIC abstractors 
was used as the reference standard.
Results Overall, performance of NLP ascertainment of 
Framingham HF phenotype in the validation dataset was 
good, with 78.8%, 81.7%, 84.4% and 80.0% for sensitivity, 
specificity, PPV and agreement, respectively.
Conclusions By decreasing the need for manual 
chart review, our results on the use of NLP to ascertain 
Framingham HF phenotype from free- text electronic health 
record data suggest that validated NLP technology holds 
the potential for significantly improving the feasibility 
and efficiency of conducting large- scale epidemiologic 
surveillance of HF prevalence and incidence.

INTRODUCTION
Since the passage of the Health Informa-
tion Technology for Economic and Clinical 
Health Act in 2009,1 the use of electronic 
health records (EHRs) in hospital settings 
has become nearly ubiquitous. Although in 
2008, approximately 9% of hospitals were 
using EHRs, by 2020 the adoption of EHR 
use among hospitals is approaching 100%.2 
This creates unprecedented opportunities 
for researchers to automate the process 

Strengths and limitations of this study

 ► The article describes the first study to evaluate 
performance of natural language processing (NLP) 
using free- text clinical notes and reports stored in 
electronic health records to ascertain Framingham 
heart failure phenotype in multiple regionally dis-
persed hospitals in the USA with different health 
systems.

 ► NLP performances (sensitivity, specificity, positive- 
predictive value and agreement) are assessed with 
the reference standard being manual extraction of 
prespecified information by trained and certified ab-
stractors, using a highly standardised protocol, with 
quality assurance programmes in place that mon-
itored accuracy, completeness and repeatability of 
the process.

 ► The NLP programme used open- source software 
(clinical Text Analysis Knowledge Extraction System 
and Python).

 ► A limitation to the study is that it only includes a 
subset of hospitalised patients at risk for acute 
decompensated heart failure based on diagnostic 
codes (International Classification of Disease, ninth 
revision) and therefore is not representative of the 
general hospitalised population.
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of extracting clinical phenotype from patient medical 
records through electronic search methods.

Scientific organisations and experts promote leveraging 
electronic data as beneficial to the future of research, 
public health surveillance and quality improvement 
initiatives.3 The Working Group on Epidemiology and 
Population Sciences established by the National Heart, 
Lung and Blood Institute identified e- epidemiology as a 
strategic priority for research, with recommendations for 
studies to ‘determine the validity, reliability and scalability 
of electronic tools for data collection’.4 Clinical pheno-
types can be efficiently and accurately extracted from 
EHRs through the application of algorithms integrating 
structured data elements such as diagnostic codes, clinical 
laboratory data and medication lists.5 Less well- studied is 
the use of natural language processing (NLP) of free- text 
clinical notes stored in EHRs for the ascertainment of 
complex clinical phenotypes and syndromes.

We focused this study on the use of NLP for the ascer-
tainment of heart failure (HF), a leading cause of hospital 
admissions and mortality among older adults in the USA.6 
HF is a complex clinical syndrome characterised by the 
heart’s inability to supply blood flow sufficient to meet 
the needs of the body. It is estimated to affect 5.7 million 
American adults and its prevalence is expected to rise to 
8.4 million by 2030.7 Reflecting the heterogenous nature 
of HF syndromes, there is no universally accepted diag-
nostic schema for HF that adequately classifies all patients 
across this syndrome’s pathophysiology, ranging from HF 
with reduced left ventricular ejection fraction (LVEF) to 
HF with preserved LVEF (diastolic dysfunction). Signs 
and symptoms of HF may differ from patient to patient 
and clinical judgement is typically required to establish 
a diagnosis of HF for a given patient. The goal of this 
study is to determine the extent to which accurate EHR- 
based extraction of Framingham HF criteria phenotypes 
and HF event classification8 can be performed in an 
automated fashion from clinical notes. We sampled inpa-
tient EHR at four geographically dispersed hospitals with 
disparate healthcare systems for automated processing 
and used as a benchmark for our performance an estab-
lished, standardised protocol of record abstraction and 
classification.7

METHODS
Study population
From 2005 through 2014, the Atherosclerosis Risk in 
Communities (ARIC) study9 conducted community 
surveillance of HF hospitalisations, classified according 
to the Framingham schema,8 for residents aged 55–84 
years in four regions in the USA.10 11 To produce annual 
event rates of HF, eligible hospitalisations from a sample 
of discharges from acute care hospitals located in ARIC 
study communities were manually abstracted and events 
classified according to the presence of the Framingham 
HF classification criteria.8 A hospitalisation was consid-
ered eligible for inclusion based on specific primary or 

secondary International Classification of Disease, ninth 
revision, Clinical Modification codes (HF: 428; rheumatic 
heart disease: 398.91; hypertensive heart disease with 
congestive heart failure: 402.0, 402.11 or 402.91; hyper-
tensive heart disease and renal failure with HF: 404.01, 
404.03, 404.13, 404.91 or 404.93; acute cor- pulmonale: 
415.0; chronic pulmonary heart disease, unspecified: 
416.9; other primary cardiomyopathies: 425.4; acute 
oedema of lung, unspecified: 518.4; dyspnoea and respi-
ratory abnormalities: 786.0). Extraction of prespecified 
information was performed manually by trained and 
certified abstractors, using a highly standardised protocol, 
with quality assurance programmes in place that moni-
tored accuracy, completeness and repeatability of the 
process.12 A stratified random sample of these hospitalisa-
tions occurring during 2015 in four ARIC study hospitals 
in different ARIC study regions was drawn for the study. 
A randomly selected set of 394 records was employed as 
the derivation dataset; the remainder was set aside as the 
validation set (table 1, N=406). There were no statistically 
significant differences in patient demographics between 
the derivation and validation datasets.

Patient and public involvement
HF is a leading cause of hospital admissions and mortality 
among older adults in the USA.6 It is estimated to affect 
5.7 million American adults and its prevalence is expected 
to rise to 8.4 million by 2030.7 Therefore, the study 
outcomes are likely to be a high priority for patients. 
However, patients were not directly involved in the study 
design, conduct or outcomes of the research project.

Study design
The primary goal of this study is to determine the accu-
racy with which EHR- based NLP algorithms can be used 
to (1) extract Framingham HF criteria variables (table 2) 
from free- text clinical notes and (2) ascertain the HF 
phenotype according to the Framingham schema.8 As 
shown in table 2, HF is present if at least two major Fram-
ingham criteria are met, or one major and two minor 
criteria are met. The study also seeks to assess NLP perfor-
mance reproducibility in ascertainment of Framingham 
HF phenotype across the four study hospitals.

Data manually extracted by certified ARIC abstractors 
following a standardised protocol13 were used as the refer-
ence standard to assess the EHR- based performance of 
NLP. We used the derivation dataset of 394 records from 
the four study hospitals to develop the NLP algorithms 
to extract Framingham HF criteria variables. Once the 
NLP algorithms were optimised, we assessed NLP perfor-
mance using a separate validation dataset of 406 unique 
patient records (table 1).

Figure 1 summarises the study design in which analysis 
of free- text clinical notes stored in EHRs was compared 
with manually abstracted Framingham HF phenotype 
criteria variables (reference standard) from hospitalisa-
tions occurring in 2015 at four study hospitals enrolled 
in the ARIC study (table 1). EHR clinical note types 
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used for the analysis included emergency department 
notes, hospital admission notes, discharge summaries 
and imaging studies, when available. A structured data 
element (>4.5 kg weight change during the hospitalisa-
tion) was also included.

Extracting HF phenotype criteria from clinical notes in EHRs 
using NLP
We developed an NLP system using the open- source 
Apache clinical Text Analysis and Knowledge Extraction 
Tool14 (clinical Text Analysis Knowledge Extraction System 
(cTAKES)) and Python15 programming software. cTAKES 
is an NLP programme specifically designed to analyse 

free- text clinical notes. It includes specific modules for 
clinical concept coding and negation status. Concept 
coding from the Unified Medical Language System16 was 
used to identify HF phenotype criteria (table 2), such as 
‘paroxysmal nocturnal dyspnoea’, and associate them 
with standardised concept unique identifiers (CUI), such 
as ‘C1956415’, that can easily be referenced in a Python 
programme. The cTAKES programme also assigns a 
negation status to each concept it identifies in the elec-
tronic clinical text. For example, the HF criterion ‘no 
paroxysmal nocturnal dyspnoea’ is processed by cTAKES 
by first assigning the CUI ‘C1956415’ to the ‘parox-
ysmal nocturnal dyspnoea’ concept and then assigning 
a negation flag to the concept if it identifies predefined 
negation terms, such as ‘no’ or ‘denies’, associated with 
the concept. Our study required an additional layer of 
Python code to identify non- standard documentation of 
HF criteria (eg, the abbreviation ‘PND’ for ‘paroxysmal 
nocturnal dyspnoea’), as well as augmented negation 
so that HF signs and symptoms not described as new or 

Table 1 Hospital and patient characteristics for the validation dataset (N=406)

Hospital ID

A B C D

Hospital characteristic

EHR vendor Epic Epic Epic Allscripts

Region South- east South North East

Status Academic Academic Academic Non- academic

Hospital bed size 873 700 385 247

Abstracted records (N) 122 46 117 121

Patient characteristics

Age, mean (SD) 73.2 (10.6) 70.4 (10.5) 77.4 (9.9) 78.6 (10.3)

Female, % 43.2 39.1 61.5 59.0

Identified as white, % 54.4 8.7 90.6 93.4

No health insurance, % 0.0 0.0 0.9 9.8

Medicaid insurance, % 4.0 10.9 13.7 1.6

EHR, electronic health record.

Table 2 Framingham8 HF phenotype criteria variables

Framingham HF phenotype criteria variables Criteria

4.5 kg weight change over 5 days during 
hospitalisation

Major

Jugular venous distension Major

Hepatojugular reflux Major

Paroxysmal nocturnal dyspnoea Major

Orthopnea Major

Pulmonary basilar rales Major

S3 gallop Major

Alveolar/pulmonary oedema on chest X- ray Major

Cardiomegaly on chest X- ray Major

Lower extremity oedema Minor

Hepatomegaly Minor

Dyspnoea—exertion Minor

Bilateral pleural effusion Minor

HF is diagnosed if the following are present: (1) two major criteria 
or (2) one major and two minor criteria.
HF, heart failure.

Figure 1 Study design. ΨRecall (sensitivity), precision 
(positive- predictive value); φrecall, precision, ∆ estimated HF 
prevalence, % agreement; EHR, electronic health record; HF, 
heart failure; NLP, natural language processing.
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worsening were also negated. Figure 2 shows an overview 
of the NLP pipeline used to extract Framingham HF 
phenotype criteria from free- text clinical notes stored in 
study hospital EHRs. For details of the NLP programme 
(see online supplemental appendix 1).

Data analysis
We computed sensitivity, specificity and positive- predictive 
value (PPV) as performance metrics to compare EHR- 
based HF phenotype criteria with the reference stan-
dards (manual review by trained ARIC chart abstractors). 
Using EHR- based NLP Framingham HF phenotype 
ascertained criteria (table 2), we then calculated the 
presence or absence of the HF phenotype according to 
the Framingham8 HF schema for the study population, 
and compared results with Framingham HF phenotype 

calculated using manually abstracted Framingham HF 
criteria from the ARIC study (reference standard). χ2 and 
Fisher’s exact tests on weighted proportions were used 
to calculate 95% CIs and p values for EHR- based NLP 
performance characteristics. All analyses were performed 
using SAS V.9.4 and Stata/SE V.15.0 software.

RESULTS
EHR performance for extraction of Framingham HF phenotype 
criteria variables
Table 3 shows the performance of EHR- based NLP abstrac-
tion of Framingham HF phenotype criteria from free- text 
clinical notes, compared with manual chart abstrac-
tion for the validation data (see online supplemental 
appendix 2 for results using derivation data). Cardio-
megaly and dyspnoea on exertion showed the best perfor-
mance at PPV 96.7% and 94.5%, respectively. Conversely, 
hepatojugular reflux and S3 gallop had the lowest PPVs 
(0.0% and 11.8%, respectively). A major factor in the 
poor performance was the low frequency of these vari-
ables in the patient sample, 0 and 5 occurrences for hepa-
tojugular reflux and S3 gallop, respectively. Pulmonary 
oedema demonstrated the best sensitivity (91.7%) and 
hepatomegaly demonstrated the best specificity (99.0%). 
See online supplemental appendix 3 for performance of 
NLP in ascertaining Framingham HF phenotype criteria 
variables for each study hospital.

NLP performance in the ascertainment of the Framingham HF 
phenotype from EHR data
Overall, performance of EHR- based ascertainment of Fram-
ingham8 HF phenotype in the validation dataset was good, 

Figure 2 NLP pipeline. φEmergency department notes, 
hospital admission notes and discharge summaries; 
cTAKES, clinical Text Analysis Knowledge Extraction System; 
EHR, electronic health record; HF, heart failure; Negation, 
determination of whether an HF criteria is negated (eg, 
patient has oedema vs patient has no oedema); NLP, natural 
language processing.

Table 3 NLP performance for abstracting Framingham HF phenotype criteria from EHRs. Validation dataset (N=406)

HF criteria variables (n)* Sensitivity, % (95% CI) Specificity, % (95% CI) PPV, % (95% CI) Note types used

Weight loss ≥4.5 kg† (27) 81.5 (61.9 to 93.7) 96.0 (93.6 to 97.8) 59.5 (43.7 to 75.3) Structured data

Jugular venous distension (56) 60.7 (46.8 to 73.5) 91.7 (87.6 to 94.8) 61.8 (49.0 to 74.6) ED, AN

Hepatojugular reflux (0) N/A 99.7 (98.2 to 100.0) 0.00 ED, AN

PND (27) 55.6 (35.3 to 74.5) 89.4 (85.2 to 92.7) 33.3 (19.2 to 46.7) ED, AN, DC

Orthopnea (64) 59.4 (46.4 to 71.5) 92.7 (88.7 to 95.6) 67.9 (55.7 to 80.1) ED, AN, DC

Pulmonary basilar rales (93) 61.3 (50.6 to 71.2) 66.4 (59.7 to 72.6) 43.8 (35.3 to 52.3) ED, AN, DC

S3 gallop (5) 40.0 (5.3 to 85.3) 95.1 (92.0 to 97.2) 11.8 (0.00 to 27.14) ED, AN, DC

Pulmonary oedema (48) 91.7 (80.0 to 97.7) 51.0 (44.5 to 57.5) 27.3 (20.4 to 34.2) ED, AN, DC, IR

Cardiomegaly (162) 54.3 (46.3 to 62.2) 96.0 (90.9 to 98.7) 96.7 (93.0 to 100.0) ED, AN, DC, IR

Lower extremity oedema (163) 74.8 (67.5 to 81.3) 75.5 (67.7 to 82.2) 77.2 (70.7 to 83.7) ED, AN, DC

Hepatomegaly (3) 33.3 (0.8 to 90.6) 99.0 (97.2 to 99.8) 33.3 (0.00 to 86.2) ED, AN, IR

Dyspnoea on exertion (263) 79.1 (73.7 to 83.8) 74.5 (59.7 to 86.1) 94.5 (91.5 to 97.5) ED, AN, DC

Bilateral pleural effusion (79) 75.9 (65.0 to 84.9) 73.1 (66.5 to 79.0) 51.7 (42.6 to 60.8) ED, AN, DC, IR

*Instances in total cohort that criteria were identified by manual ARIC abstractors (reference standard).
†Weight loss during hospitalisation based on structured daily patient weight data.
AN, admission note; ARIC, Atherosclerosis Risk in Communities; DC, discharge summary; ED, emergency department ; EHRs, electronic 
health records; HF, heart failure; IR, imaging report; NLP, natural language processing; PND, paroxysmal nocturnal dyspnoea; PPV, positive- 
predictive value.

https://dx.doi.org/10.1136/bmjopen-2020-047356
https://dx.doi.org/10.1136/bmjopen-2020-047356
https://dx.doi.org/10.1136/bmjopen-2020-047356
https://dx.doi.org/10.1136/bmjopen-2020-047356
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with 78.8%, 81.7%, 84.4% and 80.0% as sensitivity, specificity, 
PPV and agreement metrics, respectively (table 4).

Performance of NLP-based ascertainment of Framingham HF 
phenotype across study hospitals
Figure 3 shows EHR- based performance in the ascertainment 
of Framingham HF phenotype for each of the four study 
hospitals. There was good reproducibility of NLP perfor-
mance and no meaningful differences in NLP performance 
across hospitals for the three performance measures of sensi-
tivity, specificity and agreement (all 95% CIs overlap between 
hospitals for each performance measure).

DISCUSSION
Here, we report on the derivation and validation of an 
open- source software NLP application that uses EHR data 
to ascertain HF according to the established Framingham 
schema in patients hospitalised in dispersed regions of 
the USA. EHR- based identification of the Framingham 
HF phenotype had very good performance characteris-
tics (sensitivity: 78.8%, specificity: 81.7%, PPV: 84.4% and 
agreement: 80.0%) and was reproducible across the four 
study hospitals.

Several studies have investigated the use of billing 
codes and lab results to ascertain Framingham HF 
phenotype in inpatient settings within single healthcare 
systems.17 18 To our knowledge, this is the first study to 
describe the performance of EHR- based NLP tools to 
ascertain Framingham HF phenotype in inpatients from 

multiple geographically diverse hospitals from different 
healthcare systems. Our results compare favourably with 
studies using ICD-9, diagnosis related group (DRG) codes 
and lab results to ascertain Framingham HF phenotype. 
Using ICD-9 and DRG codes, Presley et al17 ascertained 
Framingham HF phenotype for hospitalised patients in 
the Veterans Administration (VA) healthcare system.17 
The VA study demonstrated sensitivity of 45.1%, speci-
ficity of 99.4% and a PPV of 89.7% for Framingham HF 
phenotype in population that was homogenous with 
respect to gender (98.8% male). Using ICD-9 codes, 
HF medications and lab results, Tison et al18 ascertained 
Framingham HF phenotype for inpatients within a single 
healthcare system in Minnesota. Of the multiple study 
algorithms used in the study, the one with the highest 
PPV (86.5%) had a sensitivity of only 41.6%.

Our study adds to the growing body of evidence which 
suggests that NLP has the potential to improve the cost- 
effectiveness and timeliness of phenotyping in clinical 
and epidemiological studies by reducing the need for 
manual chart abstraction.

In this first step towards the development of a robust 
protocol for EHR- based NLP surveillance of hospitalised 
HF patients, we designed a prototype system that had good 
performance in ascertaining Framingham HF phenotype 
that was reproducible across four hospitals selected to be 
geographically dispersed. Underlying this reproducibility, 
however, was considerable effort required to harmonise 
a single NLP algorithm that accurately and consistently 
performed well (figure 3) across the four hospitals.

Evaluation of our results revealed several lessons learnt 
in the extraction of HF phenotype criteria. First, having 
complete sets of clinical note and report types from hospi-
tals likely had a significant impact on performance. Our 
study used NLP to process emergency department notes, 
admission notes, discharge summaries and imaging study 
reports. Given the notable lack of standardisation of note 
type nomenclature across hospitals, we found significant 
variability between the four study hospitals in nomen-
clature used to identify specific clinical note types. For 
example, participating hospitals designated discharge 
summaries as ‘Discharge Summaries’, ‘Discharge PN’, 
‘PMNDIS’ and instances in which the discharging physi-
cians name was concatenated with ‘Discharge PN’ (eg, 
Smith Discharge PN). To properly capture phenotypes 
and clinical outcomes from EHRs requires overcoming 
a lack of standardised nomenclature, variability in stan-
dards for defining and recording data elements, and 
uncertain collection of longitudinal information or data 

Table 4 Performance of NLP- based ascertainment of Framingham HF phenotype

Sensitivity, % (95% CI) Specificity, % (95% CI) PPV, % (95% CI) Agreement, % (95% CI)

78.8 (72.8 to 83.9) 81.7 (75.2 to 87.0) 84.4 (79.5 to 89.3) 80.0 (75.8 to 83.8)

Note types: emergency department notes, hospital admission notes and discharge summaries.
HF, heart failure; NLP, natural language processing; PPV, positive- predictive value.

Figure 3 EHR- based performance for Framingham HF 
phenotype by hospital with 95% CIs. EHR, electronic health 
record; HF, heart failure.
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across settings of care. In contrast, these are all features 
embedded in the standardised community surveillance 
registry that systematically gathers data entered by many 
clinicians in numerous hospitals, and served as the bench-
mark to validate our HF phenotype identification and 
event classification from EHR. As is typically the case for 
dedicated registries, ARIC’s data element extraction from 
records is performed by trained abstractors according to 
specific definitions, standardised procedures, and use of 
specialised forms leading to highly reliable and valid infor-
mation under quality control monitoring. Data in EHRs 
by contrast are captured in the process of patient care by 
various members of the clinical team, for purposes other 
than event ascertainment or analysis. Although several 
efforts exist to establish common data models for EHR 
data,19 20 such models are not yet in widespread use and 
standardised definitions when documenting patient care 
are uncommon.

The second lesson learnt from the study was the chal-
lenge in optimising NLP performance to accurately deter-
mine negation for Framingham HF phenotype criteria 
variables documented in clinical notes. We observed 
multiple instances in which clinicians documented nega-
tive HF signs and symptoms phrased as ‘patient denies 
cough, fever, abdominal pain, chest pain, dyspnoea’. In 
this example, it was often difficult to accurately assess 
whether an HF phenotype criteria variable was negated 
by ‘denies’. Similarly, formatting of negation terms often 
varied by clinician and hospital and included terms such 
as ‘no’, ‘denies’, ‘negative’, ‘neg’, ‘(−)’, ‘−’, ‘patient does 
not report’; among other idiosyncratic terminology. 
Another challenge was establishing negation when clini-
cians described conditions in discharge summaries under 
which it was appropriate for patients to take a given medi-
cation. For example, ‘use albuterol inhaler four times 
daily as needed for dyspnoea’. In this case, the ‘dyspnoea’ 
Framingham HF criterion should be negated because the 
patient is not currently experiencing dyspnoea, a condi-
tional symptom in which a particular medication should 
be used.

There are limitations to our study results. The study 
population represents a sample of hospitalised patients 
selected for the likelihood of having congestive HF based 
on ICD-9- CM codes (the prevalence of Framingham HF 
was 52.0% for NLP and 55.8% for manual chart abstrac-
tion). However, this limitation can be mitigated by auto-
mated screening of patients using the same ICD-9- CM 
codes before using NLP ascertainment of Framingham 
HF criteria. Generalisability of study findings to other 
populations has not been tested. Furthermore, among 
the metrics used to ascertain NLP performance, esti-
mated PPV is influenced by the prevalence of the condi-
tion. Lastly and not unexpectedly, PPV performed poorly 
for Framingham HF criteria that occurred infrequently 
in the patient population. Examples of those were hepa-
tojugular reflux (n=0/406), hepatomegaly (n=3/406), 
S3 gallop (n=5/406) and PND (n=27/406) had PPVs of 
0.0%, 33.3%, 11.8% and 33.3%; respectively (table 3). 

Nonetheless, because of their low prevalence in the study 
population, these criteria likely had a relatively small 
impact on the determination of the Framingham HF 
phenotype prevalence.

The means to assess the population burden of HF and 
the impact of medical interventions and public health 
policies on these metrics are limited, and largely rely on 
efforts by professional organisations such as the American 
Heart Association21 drawn from various NIH- supported 
observational studies. Our data suggest that NLP has 
good performance characteristics in determining Fram-
ingham HF phenotype in hospitals from four distinct 
regions of the country. Such estimates do not substitute 
for comprehensive population data, nor are they region-
ally (or nationally) representative, and they do not lend 
themselves to estimation of population burden metrics 
or temporal trends. A 2011 report from the Institute 
of Medicine22 recommended a national surveillance 
programme to be put in place funded by the Affordable 
Care Act,22 but questions persist about the feasibility of 
community surveillance that can efficiently incorporate 
EHR capabilities for accurate estimates of disease burden 
and to monitor trends in cardiovascular diseases. To 
accomplish this, such surveillance should be able to link 
EHR resources to population denominators, harmonise 
diverse EHRs and implement information extraction 
tools of known validity and portability, while safeguarding 
patient privacy and be robust to changes in diagnostic 
fashion, technologies and coding practices. Such chal-
lenges need careful attention to realise the potential of 
EHR- enabled community surveillance. The alternative—
the current inability to monitor population burden and 
trends—represents a significant impediment to the ability 
to gauge the impact of heath care and public health 
initiatives on the burden of, and trends in the most prom-
inent contributors to morbidity, mortality and healthcare 
expenditures in the USA.

Importantly, the lack of community surveillance 
programmes encumbers the progress in the under-
standing of and in reducing health disparities in the 
incidence of the major cardiovascular health events and 
their outcomes.23 Regional epidemiologic surveillance 
programmes, such as ARIC’s, indicate that during the 
years 2005–2012, annual rates of incident hospitalised HF 
increased in all race–gender groups, but markedly so for 
black women. Ongoing HF surveillance efforts are there-
fore needed to identify vulnerable population subgroups 
and develop effective prevention strategies.

Future directions for our project include developing a 
user- friendly interface to adjust NLP algorithms based on 
institution- specific patterns in documentation of nega-
tions, as well as investigating the use of machine- learning 
technology to optimise performance of the current rule- 
based NLP system.24 Specifically, our goal is to approach 
100% sensitivity while optimising specificity and PPV.

In conclusion, by decreasing the need for manual chart 
review, our results on the use of NLP to ascertain Fram-
ingham HF phenotype from free- text EHR data suggest 
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that validated NLP technology holds the potential for 
significantly improving the feasibility and efficiency of 
conducting large- scale epidemiologic surveillance of HF 
prevalence and incidence.
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