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T
he electronic medical record (EMR) is increasingly used in
healthcare.1 Its clinical goals include streamlining clinical
practice and improving patient safety. In addition to improving
practice, the EMR offers promising methods for identification

of potential study participants, which is essential for clinical research.
Indeed, although the use of manually coded patient records in clinical
research is a long-standing tradition,2,3 these methods must allow for a delay
between the diagnosis and the assignment of the code. In addition, coding
systems have variable yields in identifying patients, depending on the disease
under consideration, and are subject to shifts related to changing reimburse-
ment incentives.4 Use of coding systems to identify patients appears partic-
ularly problematic for heart failure (HF) because of its syndromic nature,
which precludes its ascertainment from a single diagnostic test.5,6 The
EMR may enable efficient case identification by providing access to clini-
cal reports as soon as they become transcribed; however, novel methods
of identification that use the EMR require rigorous validation.5

Finding patient records that meet predefined clinical criteria lends
itself well to statistical classification algorithms.7-14 Natural language
processing (NLP) systems such as the Medical Language Extraction
and Encoding System have been used to identify cases of interest
either directly by defining a terminologic profile of a case or indirect-
ly by extracting covariates for predictive modeling.13,15,16 To our
knowledge, there have been no large-scale studies that examined the
validity of both NLP and statistical methods for identification of
patients with HF.

We report here on use of the EMR that currently is in place at the
Mayo Clinic17 for prospective recruitment of patients with HF.18 The goal
of our study was to validate 2 approaches to rapid prospective identifica-
tion of patients with HF. One approach uses NLP of the EMR; the other
uses predictive modeling. 

METHODS

The study design—including the data sources, processing components,
data flow, and evaluation—is shown in Figure 1.

Mayo Clinic Electronic 
Medical Record

For this study, we used 2 data sources
available as part of the Mayo Clinic
EMR: clinical notes and diagnostic codes.
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Objective:To identify patients with heart failure
(HF) by using language contained in the electron-
ic medical record (EMR).

Methods: We validated 2 methods of identifying
HF through the EMR, which offers transcription of
clinical notes within 24 hours or less of the
encounter. The first method was natural language
processing (NLP) of the EMR text. The second
method was predictive modeling based on
machine learning, using the text of clinical
reports. Natural language processing was com-
pared with both manual record review and billing
records. Predictive modeling was compared with
manual record review. 

Results: Natural language processing identified
2904 HF cases; billing records independently
identified 1684 HF cases, 252 (15%) of them not
identified by NLP. Review of a random sample of
these 252 cases did not identify HF, yielding 100%
sensitivity (95% confidence interval [CI] = 86, 100)
and 97.8% specificity (95% CI = 97.7, 97.9) for NLP.
Manual review confirmed 1107 of the 2904 cases
identified by NLP, yielding a positive predictive
value (PPV) of 38% (95% CI = 36, 40). Predictive
modeling yielded a PPV of 82% (95% CI = 73,93),
56% sensitivity (95% CI = 46, 67), and 96% speci-
ficity (95% CI = 94, 99).

Conclusions:The EMR can be used to identify HF
via 2 complementary approaches. Natural lan-
guage processing may be more suitable for stud-
ies requiring highest sensitivity, whereas
predictive modeling may be more suitable for
studies requiring higher PPV.

(Am J Manag Care. 2007;13(part 1):281-288)
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Clinical Notes. Clinical notes dictated by healthcare
providers at the Mayo Clinic first became available electroni-
cally in 1994. These are electronic records that document
each inpatient and outpatient encounter, and contain the text
of the medical dictations transcribed by trained medical tran-
scriptionists (for an example, see Figure 2). The Mayo Clinic
EMR complies with the American National Standards
Institute Clinical Document Architecture, which is a widely
accepted standard for clinical documentation.19 Most of the
Mayo Clinic clinical notes are transcribed within 24 hours of
the patient-physician encounter.

Diagnostic Codes. Patient-physician encounters are coded
using International Classification of Diseases, Ninth Revision
(ICD-9) diagnostic codes. The codes are assigned by trained
medical coders as part of the routine billing process within
30 days of the encounter. 

Use of Natural Language Processing
The NLP case-finding algorithm was piloted in October

2003.20 The algorithm uses nonnegated terms indicative of
HF: cardiomyopathy, heart failure, congestive heart failure,
pulmonary edema, decompensated heart failure, volume over-
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n Figure 1. Study Design and Methodology
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*Predictive modeling was evaluated by repeating all steps in Phase II 1000 times to estimate 95% confidence interval for sen-
sitivity, specificity, and positive predictive modeling.
ICD-9 indicates Classification of Diseases, Ninth Revision; EMR, electronic medical record; NLP, natural language processing;
HF, heart failure.



load, and fluid overload. To maximize sensitivity, all available
synonyms (n = 426) for these terms were used as well. The
synonyms were found by automatically searching a database of
16 million problem-list entries comprised of diagnostic phras-
es expressed in natural language. These phrases are manually
coded by trained staff as part of the Rochester Epidemiology
Project,3 using a hospital adaptation of the International
Classification of Diseases.21 Diagnostic phrases were considered
synonymous if they were assigned the same code (eg, phrases
such as heart failure, CHF [congestive heart failure], biven-
tricular failure, and cardiopulmonary arrest were treated as
synonymous).22 In addition to synonyms, the NLP algorithm
relies on finding nonnegated terms by excluding those terms
that have negation indicators (eg, “no,” “denies,” “unlikely”)
in their immediate context (±7 words). In order to identify
potential cases of HF, the algorithm searched for the terms
indicative of HF and their synonyms in the text of clinical
notes as soon as the notes were dictated, transcribed, and

became available electronically. Once a term was found, a
determination with respect to its negation status was made. If
this particular instance of the term was negated, it was ignored
for the purposes of identification of evidence of HF in the
clinical note. However, the note was identified as containing
evidence of HF if another instance of the same term was found
in a nonnegated context. The algorithm was implemented in
Perl programming language as an application that runs inside
a JBoss Application Server. The application continually “lis-
tened” to the live stream of clinical notes that are generated
within the Mayo Integrated Clinical Systems production
environment. 

After the pilot, we conducted periodic verifications of the
method to ensure that no patients with HF were being
omitted by comparing the results of the algorithm with the
billing codes. We extracted all unique patient identifiers using
ICD-9 code 428.x (heart failure) for the period between
October 10, 2003, and May 31, 2005, and compared them
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n Figure 2. Example of a Clinical Note 

This is an ambulatory care note for a nonexistent test patient. For this study, all available inpatient and outpatient notes were used.



with the patients identified by the NLP system. All cases
found by the NLP system since October 2003 were reviewed
by nurse abstractors for HF criteria as part of the ongoing
Heart Failure Surveillance Study.23 The results of this manual
review were used for validation of the NLP method (Figure 1,
Phase I).

Use of Predictive Modeling
Predictive Modeling Algorithm. Prior studies have

reported on using predictive modeling techniques including
logistic regression, classification trees, and neural networks
for clinical decision support and outcomes prediction.24,25 A
comparative validation between these 3 approaches shows
that logistic regression outperforms the other methods.26

Although traditional logistic regression relies on small sets of
well-defined clinical covariates, predictive modeling based
on the text of clinical notes involves an unlimited number
of predictive covariates based on the vocabulary of the clin-
ical notes and may include more than 10 000 items whose
relative contribution to the categorization decisions is
unknown. Thus, large-scale predictive modeling based on
clinical notes requires algorithms specifically designed to
process large numbers of covariates. Naïve Bayes27 is one
such approach that is robust, highly efficient, and widely
used in text classification. It has been shown to be function-
ally equivalent to logistic regression.28 This algorithm choos-
es the most likely outcome given a set of predictive
covariates. In the present study, the outcome is dichotomous
(HF positive vs HF negative) and the covariates are words
found in the clinical notes. The likelihood of an outcome is
computed based on its co-occurrence frequency with each of
the predictive covariates. One of the advantages of naïve
Bayes compared with other more sophisticated techniques is
that it is robust and fast to train, and does not require large
amounts of computing resources. 

Covariate Extraction. To extract covariates from text,
we split the text of the clinical notes into single words listed
in no particular order (“bag-of-words” representation29). We

collected 2048 random
clinical notes manually
verified to contain evi-
dence of HF (HF-positive
examples) and 2048 ran-
dom notes with no HF
(HF-negative examples).
Each note was then repre-
sented in terms of the
vocabulary contained in
all notes (see Figure 3),

with the exception of 124 stop words (eg, “the,” “a,” “on”).
We used the entire vocabulary of 10 179 covariates without
any restrictions.

Training and Testing Data. We sampled 1000 HF-posi-
tive and 1000 HF-negative examples at random from the
entire collection of 4096. We set aside 200 (20%) of each half
for testing and used the remaining 800 (80%) for training
(Figure 1, Phase II). The test set was created by combining
one third of the HF-positive testing examples with two thirds
of the HF-negative testing examples to reflect the proportion
of HF-positive examples in the data. (The proportion was
determined during periodic verifications of the NLP method.
A little more than one third of all patients identified by the
NLP method were manually confirmed to have HF.) The
training set was created by combining 200 HF-positive exam-
ples with 600 HF-negative examples to force the predictive
modeling algorithm to favor HF-negative cases and thus max-
imize the positive predictive value (PPV). A predictive
model was then trained using the training set and tested on
the test set. 

Statistical Analysis
Both the 159 028 clinical notes and 69 030 billing records

(Figure 1) represent the same set of Mayo Clinic patients;
however, not every clinical note generated a billing record.
Both billing and NLP were compared on a per patient basis
during the evaluation, even though the initial unit of analy-
sis was different for the 2 methods due to the technical
aspects of the systems used to store billing records and the
text of clinical notes. Although it is possible to construct a
query to extract patient-level statistics from the billing data-
base, the NLP must operate on the text of individual notes.
In the latter case, the results of processing individual notes
were aggregated at the patient level. The average number of
notes per patient was 5.6, with a median of 3 notes; 92% of
all notes originated from outpatient visits. The NLP and pre-
dictive modeling methods were evaluated using sensitivity,
specificity, and PPV. For NLP, 95% confidence intervals
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n Figure 3. Example of a Clinical Note Represented as a “Bag of Words”

Note ID

45893484-02

34695234-01

HF status

positive

negative

Covariate #1
"heart"

3

1

Covariate #2
"pulmonary"

2

0

. . . Covariate #10179
"laceration"

0

0

The values in the cells represent the frequency of the covariate in the clinical note and are used as weights during
predictive modeling.
HF indicates heart failure.



(CIs) for a single proportion were reported. For predictive
modeling, the random sampling, splitting, and training and
test set creation were repeated 1000 times on the entire set of
4096 positive and negative examples. Upon each repetition,
the training and testing sets did not overlap. Results are
reported as the mean of the 1000 samples with the 95% CIs
created from the 25th and 975th observations, after numeri-
cal sorting.

RESULTS

Natural Language Processing
Diagnostic Codes as Reference. We used the billing

records that contained patient diagnoses manually coded with
the ICD-9 classification to validate the NLP method. The
Table summarizes the results. There were 1754 Olmsted
County residents age 20 years and older who had ICD-9 code
428.x and 69 030 patients who had any code for the time peri-
od between October 10, 2003, and May 31, 2005. For the
same time period, the NLP system identified 2904 HF patients
age >20 years who were Olmsted County residents. A total of
3226 patients were identified by either system. Of these, 1432
(44%) patients were identified by both systems, 1472 (46%)
patients were identified by the NLP system but not the billing
system, and 322 were identified by the billing system but not
the NLP system. A total of 65 804 patients were not identified
by either system. Of the 322 false negatives, 70 were
non–Olmsted County residents, had the diagnosis date after
May 31, 2005, or had insufficient information necessary to
determine active HF. From the remaining 252, an abstractor
reviewed a random sample of 25 patients (10%) to determine
whether they satisfied inclusion criteria. All these patients
were false positives. Thus, the NLP-based method provides

81.6% sensitivity (95% CI = 86, 100) and 97.8% specificity
(95% CI = 97.7, 97.9), with a traditional diagnostic code-
based approach as a reference. The PPV was 49% (95%
CI = 47.5, 51.1).

Manual Review as Reference. For additional validation,
the PPV of the NLP system was determined by manual record
review conducted as part of the ongoing Heart Failure
Surveillance Study. Two nurse abstractors with more than 15
years of experience performed the review as part of ongoing
cohort recruitment. Typically, a review of a single patient
record takes between 2 and 8 hours depending on the com-
plexity of the case. 

Of the 2904 patients identified by the NLP system as hav-
ing active HF, record review showed that 1107 of these
patients met HF criteria,18 leaving 1797 false positives and
resulting in a PPV of 38% (95% CI = 36, 40). Of the 1472
cases identified by the NLP method but not by the diagnostic
code method, 210 (14%) were manually confirmed to have
active HF. 

Predictive Modeling
The test set for predictive-modeling validation consisted of

66 HF-positive and 200 HF-negative examples. The naïve
Bayes predictive model identified 37 of the 66 HF-positive
examples and 192 of the 200 HF-negative examples correctly,
yielding 56% sensitivity (95% CI = 44.1, 68.0), 96% specifici-
ty (95% CI = 93.3, 98.7), and a PPV of 82% (95% CI =
73.1, 93.4). 

DISCUSSION

Two complementary approaches, NLP and predictive mod-
eling, can be used to identify subjects with HF from the EMR.
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n Table. Comparison Between the NLP-based Method of Case Finding and the Method Based on the Dismissal-
code Billing System 

No. No.
Correctly Sensitivity, % Correctly Specificity, % PPV

Method Identified (95% CI) Identified (95% CI) (95% CI)

Billing HF-positive (n = 1754)                              Billing HF-negative (n = 67 276)

NLP 1432 81.6 (79.8, 83.5)* 65 804 97.8 (97.7, 97.9) 49.3% (47.5, 51.1)†

Manual Review HF-positive (n = 66) Manual Review HF-negative (n = 200)

Predictive modeling 37 56.0 (44.1, 68.0) 192 96.0 (93.3, 98.7) 82.2% (73.1, 93.4)

*A total of 322 patients were identified with the billing system but not with the NLP system. See the Results section, Natural Language
Processing, for details. 
†The PPV obtained after manual review of the cases identified with NLP was 38% (95% CI = 36, 40). 
NLP indicates natural language processing; CI, confidence interval; PPV, positive predictive modeling. 



Natural language processing, which captured all cases identified
with the billing system, yielded additional cases not captured by
the billing system, thereby providing more comprehensive case
identification. Predictive modeling, on the other hand,
achieved a high PPV. A major advantage of either of these
approaches over traditional methods that rely on diagnostic
codes is that they enable case identification as soon as the text
of a clinical note becomes available electronically, avoiding the
delays and biases associated with manual coding. We also
observed that the PPV determined by manual review is 10%
lower than the PPV determined using diagnostic codes (P <
.001), which indicates that the billing system may overestimate
the prevalence of HF in the population. The identification of
the condition when it is not the major reason for visit is a pos-
sible cause of this discrepancy. Another possibility is that NLP
searches for a set of symptoms including pulmonary edema,
ankle edema, and volume overload in addition to the diagnosis
of HF; therefore, NLP may find borderline cases that were never
coded as HF but do qualify according to the study criteria.

Comparisons with previously published studies are limit-
ed by differences in design, clinical data, and evaluation
methods. Fiszman et al compared 2 keyword-search algo-
rithms, an NLP system, physicians, and lay persons with
respect to their ability to identify patients with bacterial
pneumonia from 292 chest X-ray reports.30 They reported
95% sensitivity and 85% specificity with the NLP system.
An earlier study by Hripcsak et al reported 81% sensitivity
and 98% specificity for identification of 6 conditions using
NLP on radiology reports.31 The language of chest X-ray
reports is different from that of discharge summaries32 and,
therefore, is likely to be different from that of clinical
notes, which are functionally closer to discharge summaries
in terms of grammatical patterns and vocabulary. Melton
and Hripcsak evaluated the ability of the Medical Language
Extraction and Encoding System to automatically detect
adverse events in 1000 discharge summaries.33 They report-
ed 28% sensitivity, 99% specificity, and a PPV of 45%.
Although a direct comparison with this study is not possible
because of different goals (identification of adverse events vs
identification of patients with HF), the study by Melton and
Hripcsak is comparable to our study with respect to the type
of clinical documents used and the large number of partici-
pants. Our study extends this previous work by showing the
utility of NLP for highly sensitive identification of patients
with HF.

Our results are also important in light of previous studies
that examined the validity of diagnostic information con-
tained within medical service claims and billing data.
Wilchesky et al showed that using the medical service claims

data results in highly specific (96%) but highly nonsensitive
(42%) case ascertainment for CHF.34 Similar results were
found by Ahmed et al: the specificity of using a claims-based
ICD-9 algorithm for high-risk conditions including cardio-
vascular disease was 99% but the sensitivity—12%—was very
low.35 Onofrei et al examined the physician-provided prob-
lem list coded with ICD-9 as a source of diagnostic informa-
tion to identify patients with HF and compared that with 2
gold standards, defined by documented left ventricular ejec-
tion fractions of ≤55% and ≤40%.5 The sensitivity for case
finding was 44% for the ejection fraction < 55% and 54% for
the ejection fraction < 40%. All of these studies question the
validity of using sources of coded diagnostic information for
case finding of HF. Our study shows that using the text of the
EMR enables case identification that is at least as sensitive as
using coded diagnoses, with the added benefit of timeliness.

The results of our project are particularly relevant in the
context of identification of syndromic conditions in a practice
setting, where a number of disorders may not lead to hospital-
izations or billing codes. For example, subsequent to the project
reported in this article, we extended our methodology to iden-
tification of patients with angina pectoris,36 whose initial diag-
nosis relies on patient-reported symptoms. By the same token,
our methodology may be extended to other conditions that
are diagnosed based on the initial presentation of symptoms
by the patient, including rheumatoid arthritis, gastrointestinal
disorders, psychiatric conditions, obesity, and drug abuse. 

Limitations and Strengths
Some limitations need to be acknowledged to facilitate

the interpretation of the data in this study. The ICD-
9–based billing system can be used only as an approximation
of a criterion standard. The cases that were missed by both
the billing system and the NLP system lie outside the range
of the current evaluation. Also, the results of this study may
not be readily generalizable to other diagnoses; therefore, the
use of EMR for patient identification has to be validated on
a case-by-case basis. 

This study also has unique strengths. It used a large dataset
(more than 3000 patients) that was developed over a period
of 3 years and involved complete manual records abstraction
for validation. Another strength is that this study addressed
identification of HF patients, whose diagnosis is complex,
and relies in part on the language found in the unrestricted
text of the EMR. The 2 methods described here were tested
on the same population, which made it possible to determine
their respective yields in the same dataset and to define their
potential application separately or in combination with pre-
dictable results. Another advantage of the NLP approach is
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that it is not restricted to a specific data element or a
specific location in the EMR. The Mayo Clinic EMR
maintains a diagnostic problem list that is used to
summarize the main findings entered into the clini-
cal note. The notes contain problem-list entries as
numbered items inside the Impression/Report/Plan
and the Final Diagnosis sections. The NLP algo-
rithm described in this article does not take advan-
tage of the problem-list items. Instead, the search is
performed across the entire text of the note in the
attempt to capture symptom information. Therefore,
our NLP strategy may be used in EMR systems that
do not routinely use problem-list entries. The feasibility of
using the NLP strategy in other EMR systems and for other
conditions will be assessed in subsequent work.

Implications for Clinical Research
Although the highly sensitive NLP method may be more

appropriate as a screening mechanism for observational stud-
ies, the predictive modeling method may be more suitable for
clinical trials, when stricter inclusion criteria may be required.
Indeed, the NLP method often involves subsequent manual
abstraction of medical records, and a highly sensitive screen-
ing tool will direct manual data collection. The predictive
modeling method is based on selected populations and is more
concerned with the efficient enrollment of patients who fit
study inclusion and exclusion criteria. For clinical trials, the
predictive-modeling approach with a higher PPV is a better
screening mechanism. 
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used to identify patients with heart failure from electronic medical records.

n Both approaches enable accurate and timely case identification as soon
as the text of a clinical note becomes available electronically, avoiding the
delays and biases associated with manual coding.

n Natural language processing may be more suitable for studies requiring
the highest sensitivity such as observational studies.

n Because of its higher positive predictive value, the predictive-modeling
approach is a better screening mechanism for clinical trials.
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