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BACKGROUND: The electronic medical record contains a wealth of 
information buried in free text. We created a natural language processing 
algorithm to identify patients with atrial fibrillation (AF) using text alone.

METHODS AND RESULTS: We created 3 data sets from patients with at 
least one AF billing code from 2010 to 2017: a training set (n=886), an 
internal validation set from site no. 1 (n=285), and an external validation 
set from site no. 2 (n=276). A team of clinicians reviewed and adjudicated 
patients as AF present or absent, which served as the reference standard. 
We trained 54 algorithms to classify each patient, varying the model, 
number of features, number of stop words, and the method used to 
create the feature set. The algorithm with the highest F-score (the 
harmonic mean of sensitivity and positive predictive value) in the training 
set was applied to the validation sets. F-scores and area under the receiver 
operating characteristic curves were compared between site no. 1 and site 
no. 2 using bootstrapping. Adjudicated AF prevalence was 75.1% at site 
no. 1 and 86.2% at site no. 2. Among 54 algorithms, the best performing 
model was logistic regression, using 1000 features, 100 stop words, 
and term frequency-inverse document frequency method to create the 
feature set, with sensitivity 92.8%, specificity 93.9%, and an area under 
the receiver operating characteristic curve of 0.93 in the training set. 
The performance at site no. 1 was sensitivity 92.5%, specificity 88.7%, 
with an area under the receiver operating characteristic curve of 0.91. 
The performance at site no. 2 was sensitivity 89.5%, specificity 71.1%, 
with an area under the receiver operating characteristic curve of 0.80. 
The F-score was lower at site no. 2 compared with site no. 1 (92.5% [SD, 
1.1%] versus 94.2% [SD, 1.1%]; P<0.001).

CONCLUSIONS: We developed a natural language processing algorithm 
to identify patients with AF using text alone, with >90% F-score at 2 
separate sites. This approach allows better use of the clinical narrative and 
creates an opportunity for precise, high-throughput cohort identification.
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Appropriate patient selection is a critical step in 
clinical trials, real-world evidence generation, 
cohort studies, and quality improvement efforts. 

For clinical trials, investigators traditionally identify pa-
tients one by one during routine care. This process is 
time- and labor-intensive, requires familiarity with inclu-
sion criteria, and creates a bottleneck for enrollment. 
Real-world evidence and quality measures, including 
measures in the Centers for Medicare and Medicaid 
Systems Quality Payment Program, often rely on billing 
codes to identify patient groups, such as International 
Classification of Diseases (ICD) and Common Procedur-
al Terminology codes.1–3 This structured data approach 
is appealing because it uses readily available, standard-
ized terminologies, but it lacks accuracy and is subject 
to variation between institutions and over time.4–7 In 
this project, our goal was to create a new method, an 
electronic cohort definition, to identify atrial fibrillation 
(AF) patients using data from the electronic medical re-
cord (EMR).

EMRs contain a wealth of data that can be used for 
more precise and efficient cohort identification. Specifi-
cally, the clinical narrative includes detailed descriptions 
of patients and their associated conditions. In our prior 
work, we developed a relatively simple, rules-based 
natural language processing (NLP) approach to iden-
tify patients with AF using clinical notes.8 We were 
able to achieve good sensitivity (90%), but the algo-

rithm lacked specificity (63%). In the current study, we 
sought to improve model specificity by using a super-
vised machine learning approach to NLP, rather than a 
rules-based approach. Compared with rules-based NLP, 
supervised machine learning requires less prespecifica-
tion from the developer. In the rules-based approach, 
one must specify modifiers (eg, denies or ruled out for) 
to provide context and classification; in machine learn-
ing, the algorithm learns the relevant modifiers from 
the training data itself. Rules-based NLP can be thought 
of as an expert system, in which a person with clinical 
knowledge needs to specify the rules. Each time the 
note language style changes, the rules would have to 
be re-designed. In machine learning, one could retrain 
the model as note styles change, with less need to man-
ually redesign the system with new rules and modifiers. 
The machine learning approach may be better suited 
to improve specificity because it is difficult to explicitly 
list all the modification terms used in the clinical narra-
tive. The trade-off is that one must account for noise 
or terms which are often present but do not add to 
context and classification. For example, the term clinic 
may appear in many clinical notes, but it is irrelevant to 
understanding the AF reference and, if included, adds 
to computational time.

We also sought to create a portable tool that main-
tains performance in different institutions. To this end, 
we used only the clinical narrative (unstructured data) 
as source data and tested performance at a second site. 
Different institutions and health systems may vary in 
their use of structured data elements (eg, some prac-
tices do not use the proprietary Common Procedural 
Terminology coding system), but the narrative is read-
ily available from clinical notes. The data format (text 
files) may be consistent and clinicians may reference AF 
similarly between institutions (eg, patient presents with 
AF that was diagnosed 2 weeks ago), which makes NLP 
appealing for portability. In addition, simple approaches 
(using just one type of data) are easier to interpret and 
troubleshoot. Thus, the goal of this project was to cre-
ate a text-based, portable classifier to identify patients 
with AF across different institutions.

METHODS
Training, Internal Validation, and 
External Validation
The candidate population for this study included patients 
with at least one ICD code for AF between January 1, 2010 
and January 1, 2017, at site no. 1 and site no. 2. This study 
included a training set (n=886), internal validation set (n=285) 
from site no. 1, and an external validation set (n=276) from 
site no. 2. The presence of a single ICD code does not neces-
sarily mean that the patient has AF; these codes are often 
used in rule-out testing. For example, patients who have 
strokes often receive event monitors to determine if undiag-
nosed AF is present, as a cause of the stroke. A single ICD 

WHAT IS KNOWN
•	 Accurate cohort identification is critically impor-

tant, as we move into an era of real-world evi-
dence using electronic medical records for data.

•	 Prior methods rely on structured data (eg, Inter-
national Classification of Diseases billing codes or 
oral anticoagulation orders) to identify patients 
with atrial fibrillation from large databases, with 
limited performance.

WHAT THE STUDY ADDS
•	 In this project, we demonstrate that natural 

language processing of clinical text can iden-
tify patients with atrial fibrillation with 92.5% 
sensitivity and 88.7% specificity; the algorithm 
performance was 89.5% sensitivity and 71.1% 
specificity in an external health system’s data.

•	 These results show promise for natural language 
processing as a means to extract clinically relevant 
information from the electronic medical records.

•	 We envision a future system wherein the elec-
tronic medical records will adapt to the clinician 
workflow, not the other way around: the clinician 
narrates the history and algorithms like the one 
described here will extract clinically meaningful 
information for downstream use.
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code for AF appears for these patients, even if they are sub-
sequently ruled out for AF. To train the NLP algorithm, we 
manually reviewed charts for 886 patients from the candidate 
population at site no. 1.

Among the candidate population, 786 were randomly 
selected and reviewed in our prior work, in which we achieved 
a specificity of 63% in identifying patients with AF.8 To 
improve specificity, we added 100 patients with a low prob-
ability of AF to the training set only. The internal and external 
validation sets included a random sample of patients, with-
out oversampling of low probability patients. This yielded a 
total of 886 patients for training the algorithm, with an AF 
prevalence of 72.2% (n=640). Clinical notes for the train-
ing set were extracted from the University of Utah Health 
(site no. 1) Enterprise Data Warehouse, an enterprise-level 
data repository optimized for data analysis and reporting of 
healthcare data. It contains data extracted from many of the 
institution’s disparate source systems, which includes patient, 
visit, clinical, operational, financial, and research data. This 
provides the opportunities for data mining, outcomes, and 
decision support research. The notes were aggregated by 
medical record number to create one text file for each medi-
cal record number. We extracted phrases that included target 
terms (eg, “AF,” “afib,” or “atrial fib”) consistent with AF 
from the text, plus one phrase before and after the phrase 
with the target terms. These 3-phrase text spans found in 
the text served as the data for each medical record num-
ber. The purpose of using 3-phrase spans (rather than all the 
text), was to identify relevant modifiers (eg, not), limit noise 
from other parts of the clinical notes, improve portability, and 
reduce processing time.

To train and identify the best performing algorithm, we 
varied the following parameters and calculated the sensitivity, 
specificity, positive predictive value, and negative predictive 
value for each algorithm:

1.	Stop words: Stop words are common terms that do not 
provide context for the classification (eg, is, and, the). 
Prespecified stop words from existing Python packages 
are less applicable to healthcare settings. Therefore, we 
created a custom stop list. We used our entire corpus 
from the candidate population (n=1.8 million notes) to 
create a list of 500 stop words based on the frequency of 
single word tokens. In other words, words that appeared 
most frequently in the corpus (such as reports in medical 
text) were considered stop words. We varied the custom 
stop word list (100, 250, 500), plus added terms specific 
to site no. 1 (eg, Utah), numbers, and the English stop 
words from the scikit-learn Python package.9

2.	Vectorizer: We used term counts and term frequency-
inverse document frequency to generate the feature set 
from the training set.10,11

3.	Model: We used logistic regression, extra trees, and 
naive Bayes classifiers.

Vectorizer refers to the method used to turn the words 
into computable tokens. In the training set, the entire cor-
pus of text of all patients generates a vocabulary, all the 
words (ie, tokens or features) available for analysis. The count 
method sums the frequency of each word in the vocabulary 
in a specific note and uses the values in the feature vector 
for that note. The term frequency-inverse document fre-
quency method applies a weight to each of the words. Term 

frequency is how frequently a particular word appears in a 
specific note, and inverse document frequency is the total 
number of documents divided by the number of documents 
with the particular word. Conceptually, this weight approxi-
mates the importance of the word in the specific note and in 
the corpus overall.

We then applied the trained algorithms to an internal 
validation set, which included 285 randomly selected patients 
from the candidate population. Based on clinician chart review 
and adjudication, the prevalence of AF in the internal valida-
tion set was 75.1%. If the performance dropped substantially 
between the training and internal validation sets, we revisited 
the training to find ways to improve algorithm performance. 
This iterative process was repeated until we reached a pla-
teau or the performance was considered acceptable by the 
research team. The model with the highest F-score in the vali-
dation set was considered the best performing model.

External Validation
An important aspect of this work was to demonstrate por-
tability through external validation at a different institu-
tion. We used a cohort of patients seen at Northwestern 
Memorial Healthcare in Chicago, IL (site no. 2) with at least 
one billing ICD code for AF in the same time frame as the 
training and internal validations sets, between January 1, 
2010 and January 1, 2017. From this candidate population, 
we randomly selected 276 patients for review by a team 
of 4 clinicians. This external review team classified patients 
using guidelines developed at site no. 1, but team members 
from site no. 1 had no part in the review. Based on clinician 
adjudication, the prevalence of AF in the validation set was 
86.2%. As with the site no. 1, the notes were aggregated to 
create one text file for each medical record number; 3-phrase 
text spans including AF target terms were extracted. The 
trained algorithms from site no. 1 were applied to site no. 
2 data. No modifications were made to the algorithm using 
site no. 2 data.

We compared algorithm performance between site no. 
1 and site no. 2 by bootstrapping area under the receiver 
operating characteristic curves for the receiver operating 
characteristic curves and F-scores. For each site, we ran-
domly selected 80% of the sample with replacement to cre-
ate 100 samples. We ran the trained algorithm on each of 
these subsets to create 100 different area under the receiver 
operating characteristic curves and F-scores for the site no. 
1 and site no. 2 validation sets. We compared the distri-
bution of these values using a 2-sided t test and a P<0.05 
for significance. All analyses were performed using Python 
3.6 and Stata Version 14. The machine learning and NLP 
tools were from the scikit-learn Python package.12 The data 
that support the findings of this study are available from the 
corresponding author upon reasonable request. Specifically, 
the code used to train and test the NLP algorithms will be 
available, but sensitive patient data will require appropriate 
data sharing agreements from qualified researchers trained 
in human subject confidentiality protocols.

For both sites, comorbid conditions were based on ICD bill-
ing codes present in the EMR for each patient. Patients were 
assigned a condition if a relevant code was present coincident 
with or before index AF diagnosis, looking back to January 
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1, 2010. Codes were aggregated into clinically meaningful 
groups using the Agency for Healthcare Research and Quality’s 
Clinical Classification software.13 Demographics and comorbid 
conditions were compared between patients with and without 
AF using χ2 tests for categorical variables and t test for con-
tinuous variables. These patient characteristics were used to 
describe the population but were not used in the algorithms.

This study was reviewed and approved by the Institutional 
Review Board at the University of Utah, with waiver of 
informed consent.

RESULTS
The validation set for site no. 1 included 285 random-
ly selected patients, with mean age 67.7 years old (SD 
15.0) and 42.8% female. The validation set for site no. 2 
included 276 randomly selected patients, with mean age 
70.0 years old (SD 15.1) and 38.4% female. AF preva-
lence was 75.1% at site no. 1 and 86.2% at site no. 2 
based on physician adjudication. At both sites, patients 
who were labeled as “AF present” by physician adjudi-
cation were older than patients labeled as “AF absent.” 
Cerebrovascular disease or stroke was more common 
among patients labeled as “AF absent” at site no. 1, 
whereas comorbid conditions did not differ between “AF 
present” and “AF absent” patients at site no. 2 (Table 1).

In total, we trained 54 different algorithms to identi-
fy patients with AF from the clinical text extracted from 
the EMR. The performance results for all models can be 
found in Table I in the Data Supplement. Based on the 
F-score, the best performing model was logistic regres-
sion, using 1000 features, 100 stop words, and term 
frequency-inverse document frequency to create the 
feature set. In the training set (site no. 1), the test char-

acteristics were sensitivity 92.8%, specificity 93.9%, 
and F-score 95.1%.

After applying the best performing model to the 
validation sets, the test characteristics for site no. 1 
were sensitivity 92.5%, specificity 88.7%, and F-score 
94.3%. The test characteristics at site no. 2 were sen-
sitivity 89.5%, specificity 71.1%, and F-score 92.2%. 
Table  2 shows the test characteristics for the top 10 
performing algorithms, based on F-score.

The area under the receiver operating characteristic 
curves were 0.93 for the training set, 0.91 for the site no. 
1 validation set, and 0.80 for site no. 2 validation set (Fig-
ure). Using bootstrapping with 100 randomly selected 
subsets in the validation sets, the mean area under the 
receiver operating characteristic curve was less for site 
no. 2 compared to site no. 1 (0.91 [SD, 0.02] versus 0.80 
[SD, 0.03]; P<0.001). Similarly, using bootstrapping with 
100 randomly selected subsets in the validation sets, the 
mean F-score was 94.2% (SD, 1.1%) for site no. 1 com-
pared with 92.5% (SD, 1.1%) for site no. 2 (P<0.001).

DISCUSSION
In this project, we created a sensitive and specific algo-
rithm to identify patients with AF using data from the 
EMR. Our approach differs from prior work in that we 
relied only on clinical text, which includes the narrative 
written by clinicians. In our development site, site no. 
1, the algorithm achieved 92.5% sensitivity and 88.7% 
specificity, an improvement from our prior work. In 
the external validation site, site no. 2, algorithm per-
formance was somewhat lower, with sensitivity 89.5% 
and specificity 71.1%.

Table 1.  Characteristics of the Internal Validation (Site No. 1, n=285) and External Validation (Site No. 2, n=276) 
Populations, According to the Presence or Absence of Atrial Fibrillation

Characteristic*

Site No. 1 Site No. 2

AF Present 
(n=214)

AF Absent 
(n=71) P Value

AF Present 
(n=238)

AF Absent 
(n=38) P Value

Mean age (SD), y 68.8 (14.1) 64.4 (17.1) 0.03 70.8 (13.9) 65.1 (20.5) 0.03

Female 91 (42.5%) 31 (43.7%) 0.87 91 (38.2%) 15 (39.5%) 0.88

White race 180 (84.1%) 59 (83.1%) 0.36 199 (83.6%) 23 (60.5%) 0.06

Medicare insured 139 (65.0%) 38 (53.3%) 0.26 121 (50.8%) 14 (36.8%) 0.27

Comorbid conditions†

 ��� Acute myocardial infarction 16 (7.5%) 7 (9.9%) 0.52 13 (5.5%) 1 (2.6%) 0.46

 ��� Coronary artery disease 75 (35.1%) 24 (33.8%) 0.85 66 (27.7%) 8 (21.2%) 0.39

 ��� Congestive heart failure 55 (25.7%) 15 (21.1%) 0.44 50 (21.0%) 8 (21.1%) 0.99

 ��� Cerebrovascular disease 35 (16.4%) 33 (46.5%) <0.01 30 (21.6%) 6 (15.8%) 0.59

 ��� Diabetes mellitus 76 (35.5%) 25 (35.2%) 0.96 56 (23.5%) 12 (31.6%) 0.29

 ��� Chronic kidney disease 31 (14.5%) 14 (19.7%) 0.30 24 (10.1%) 5 (13.2%) 0.57

 ��� Hypertension 139 (65.0%) 50 (70.4%) 0.40 123 (51.7%) 16 (42.1%) 0.27

AF indicates atrial fibrillation.
*n (%), unless otherwise specified.
†Comorbid conditions were identified from, International Classification of Diseases billing codes present in the patients’ medical record.
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Other researchers have developed EMR-based meth-
ods to identify patients with AF, mostly using struc-
tured data in the form of billing codes.1 Our work dif-
fers because we focused entirely on unstructured data 
in the form of clinical text. Text analysis is appealing 
because the critical and detailed information is often in 
the clinical narrative, and this approach is more aligned 
with the clinician workflow. Although the current sys-
tem seeks to generate structured data by forcing clini-
cians to click checkboxes and toggle through dialogue 
boxes, many clinicians prefer to dictate a rich, clinical 
narrative. We envision a future system wherein the 
EMR will adapt to the clinician workflow, not the other 
way around: the clinician narrates the history and algo-
rithms like the one described here will extract clinically 
meaningful information.14–16

Prior work in AF cohort identification has generally 
relied on ICD billing codes and reported positive pre-
dictive value, rather than sensitivity and specificity. The 
unknown impact of false negatives (1-sensitivity; or the 
proportion of patients with AF who would be missed 
by an algorithm), therefore, limits many prior studies. 
Khurshid et al,17 for example, demonstrated the per-
formance of 7 different algorithms to detect AF using 
structured data from the EMR. Along with reporting 
only positive predictive value, the algorithm included 
outcome variables (order for an oral anticoagulant), 
which could bias the results when applied to subse-
quent studies or quality improvement efforts.

Our work is an example of digital, or electronic, phe-
notyping, a method that has specific applications in 
genotype-phenotype association studies. The Electronic 

Table 2.  Test Characteristics for Top 10 Performing Algorithms to Identify Patients With AF, Sorted Based on F-Score

Parameters Site No. 1 Validation Site No. 2 Validation

Model Type
No. 

Features

No. 
Stop 

Words Vectorizer Acc PPV NPV Sens Spec F-Score Acc PPV NPV Sens Spec F-Score

Logistic 1000 100 TF-IDF 0.916 0.961 0.797 0.925 0.887 0.943 0.870 0.951 0.519 0.895 0.711 0.922

Logistic 500 100 TF-IDF 0.902 0.951 0.772 0.916 0.859 0.933 0.862 0.939 0.500 0.899 0.632 0.918

Logistic 1500 100 TF-IDF 0.898 0.956 0.756 0.907 0.873 0.930 0.870 0.947 0.520 0.899 0.684 0.922

Logistic 1000 100 Count 0.877 0.950 0.709 0.883 0.859 0.915 0.841 0.937 0.444 0.874 0.632 0.904

Logistic 500 100 Count 0.877 0.954 0.705 0.879 0.873 0.915 0.855 0.950 0.482 0.878 0.711 0.913

Logistic 1500 100 Count 0.877 0.954 0.705 0.879 0.873 0.915 0.841 0.937 0.444 0.874 0.632 0.904

Extra trees 1500 100 TF-IDF 0.863 0.903 0.735 0.916 0.704 0.910 0.859 0.916 0.486 0.920 0.474 0.918

Extra trees 1000 100 TF-IDF 0.860 0.903 0.725 0.911 0.704 0.907 0.862 0.920 0.500 0.920 0.500 0.920

Logistic 1000 250 TF-IDF 0.863 0.931 0.695 0.883 0.803 0.906 0.830 0.928 0.415 0.870 0.579 0.898

Extra trees 500 100 TF-IDF 0.853 0.894 0.716 0.911 0.676 0.903 0.870 0.928 0.525 0.920 0.553 0.924

Parameters refer to the model specification. Model is which model was used, No. features is the number of features, No. stop words is the number of stop 
words, and Vectorizer is the method used to create the feature set. The table is sorted according to the F-score in site no. 1, the internal validation data set. Acc 
indicates accuracy; AF, atrial fibrillation; NPV, negative predictive value; PPV, positive predictive value; Sens, sensitivity; Spec, specificity; and TF-IDF, term frequency-
inverse document frequency.

Figure. Receiver operator characteristic 
(ROC) curves for training, site no. 1, and 
site no. 2 data sets.
This plot compares the ROC curves for a natural 
language processing algorithm to identify 
patients with atrial fibrillation at different insti-
tutions. The algorithm used a logistic regression 
model, 1000 features, 100 stop words, and the 
term frequency-inverse document frequency (TF-
IDF) method to create the feature set.
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Medical Records and Genomics Network, for example, 
has made major progress in electronic phenotyping to 
enable high-throughput genomics research.18,19 The 
network includes an AF definition, but the definition is 
highly dependent on electrocardiograms that demon-
strate AF.20 As we demonstrated in our prior work, elec-
trocardiograms with AF were present in only 37% of 
the patients with AF, which may enhance true positives 
but limits overall detection rate.8 In addition, the Elec-
tronic Medical Records and Genomics definitions are 
defined to explicitly identify patients without AF, which 
enables case-control study designs. This approach may 
be suitable for genomic studies but is not ideal for 
cohort studies, quality improvement, or real-world evi-
dence generation.

Compared with our prior work using rules-based NLP,8 
this study used machine learning approaches to develop 
the algorithm. We were able to substantially improve 
the specificity for our development site, site no. 1; the 
specificity was somewhat lower when the algorithm 
was applied to site no. 2 but still improved compared 
with prior efforts. This drop in performance between 
institutions is expected and has implications for imple-
mentation. When models are trained at one institution, 
overfitting occurs. In other words, the model has learned 
the patterns and habits of one healthcare system, which 
may differ from other systems. If NLP were used to, for 
example, identify patients for a clinical trial, the models 
have to be trained with a combined dataset or individ-
ually at each site. Alternatively, one could use NLP for 
screening, such that the number of charts reviewed for 
the classification could be decreased while still broaden-
ing the net for clinical trial inclusion. We observed that 
the prevalence of AF in the candidate population at site 
no. 2 was higher than site no. 1 and that cerebrovascu-
lar disease was more common among patients without 
AF at site no. 1. In other words, the AF-specific coding 
practices differ between institutions. Upon review, this 
pattern appears to be due to the practice of ordering 
event monitors at site no. 1 to evaluate for AF among 
patients who experience a stroke. These patients appear 
in the site no. 1 candidate population but subsequently 
are ruled out for AF. One possibility is that similar patients 
at site no. 2 do not receive an AF billing code until they 
rule in for AF. The feature vector, developed at site no. 1, 
includes the term event, as in event monitor, which could 
result in portability issues at site no. 2. One solution is to 
train the model on data from multiple sites, which will 
probably be needed for future implementation.

Moving forward, one could consider combining struc-
tured and unstructured data in a more complex classifi-
cation model. In combination with larger datasets from 
more institutions, this approach could raise the option to 
create AF subclassifications (eg, valvular or perioperative 
AF). The trade-off is that broader data sets, including dif-
ferent types of data, require harmonization across insti-

tutions to ensure portability, an added layer of work. An 
NLP limited approach could theoretically facilitate porta-
bility by requiring only clinical notes to create and run the 
algorithm. Furthermore, neural network approaches may 
improve the performance of future NLP models, with 
some tradeoffs. In our prior work to identify bleeding, 
for example, we found that a neural network approach 
did not perform as well as other models.21 In our cur-
rent approach, we were able to address a very specific 
task with limited computational demand, simple imple-
mentation at an external site, and perhaps in a way that 
is more understandable by clinicians. In addition, state-
of-the-art NLP approaches like Google’s Bidirectional 
Encoder Representations from Transformers have not yet 
been trained on clinical language, which differs markedly 
from other types of text.22

Limitations
Our study used a binary classification for AF—present or 
not present. In clinical reality, the AF phenotype is more 
complex. For example, a patient who experiences AF 
in the setting of hyperthyroidism differs from an older 
patient in permanent AF. Multiclass algorithms require 
large, labeled data sets, which is a labor- and time-inten-
sive roadblock that requires domain experts.23 In addi-
tion, our candidate population included patients with 
at least one code for AF, so we may have missed some 
patients who have AF in the absence of a billing code. 
Internal and external validation at different institutions 
is a strength, but both institutions are academic medical 
centers, which may limit more general portability. EMR-
based cohort definitions could be biased by the patient’s 
contact with the healthcare system; the more contact the 
patient has, the more data are available for analysis, and 
the more likely the patient will be included in the cohort. 
Models that include a broad set of features (eg, all prior 
diagnoses codes) will be more prone to this bias. In our 
case, we limited the analyses to a small feature set, spe-
cifically the target terms and surrounding text span. This 
approach probably does not eliminate the bias related 
to data density but may limit its effect. For example, one 
could imagine a scenario in which an AF patient’s first 
encounter in the healthcare system is for a catastrophic 
intracranial hemorrhage, with death in the first 24 hours. 
This patient would have very little data in the EMR, but 
notes would say “Patient has a known history of AF and 
is treated with apixaban.” Our algorithm would include 
that patient despite the sparse data in the EMR.

Conclusions
The EMR is an untapped resource for clinical informa-
tion, but much of the data is buried in the clinical narra-
tive. Disease-specific patient cohort identification is one 
important aspect of digital phenotyping using the EMR. 
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In this project, we developed a high performing NLP 
algorithm using the clinical narrative alone, with >90% 
F-score at 2 separate sites, to identify patients with 
AF. From a clinician’s standpoint, simply describing the 
patients’ condition using narrative language is prefer-
able to clicking checkboxes and assigning billing codes. 
Precise NLP algorithms, as we have demonstrated here, 
could allow physicians to move toward dictation and 
away from “death by a thousand clicks”24 while also 
improving cohort identification for clinical research and 
quality improvement efforts.
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