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Introduction/Objective: Pulmonary function tests (PFTs) are objective estimates of lung function, but 

are not reliably stored within the Veteran Health Affairs data systems as structured data. The aim of 

this study was to validate the natural language processing (NLP) tool we developed—which extracts 

spirometric values and responses to bronchodilator administration—against expert review, and to 

estimate the number of additional spirometric tests identified beyond the structured data.

Methods: All patients at seven Veteran Affairs Medical Centers with a diagnostic code for asthma Jan 1, 

2006–Dec 31, 2012 were included. Evidence of spirometry with a bronchodilator challenge (BDC) was 

extracted from structured data as well as clinical documents. NLP’s performance was compared against 

a human reference standard using a random sample of 1,001 documents.

Results: In the validation set NLP demonstrated a precision of 98.9 percent (95 percent confidence 

intervals (CI): 93.9 percent, 99.7 percent), recall of 97.8 percent (95 percent CI: 92.2 percent, 99.7 

percent), and an F-measure of 98.3 percent for the forced vital capacity pre- and post pairs and 

precision of 100 percent (95 percent CI: 96.6 percent, 100 percent), recall of 100 percent (95 percent 

CI: 96.6 percent, 100 percent), and an F-measure of 100 percent for the forced expiratory volume in 

one second pre- and post pairs for bronchodilator administration. Application of the NLP increased the 

proportion identified with complete bronchodilator challenge by 25 percent.

Discussion/Conclusion: This technology can improve identification of PFTs for epidemiologic research. 

Caution must be taken in assuming that a single domain of clinical data can completely capture the 

scope of a disease, treatment, or clinical test.
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Introduction

As the 10th leading cause of disability in the United 

States, asthma is a significant health problem.1 

Pulmonary function testing (PFT) provides objective, 

quantifiable measurements of lung function and is a 

cornerstone of diagnosis and monitoring. Spirometry, 

the most commonly used test, is the measurement 

of the movement of air into and out of the lungs 

during breathing. It includes the measured forced 

expiratory volume in one second (FEV1), forced vital 

capacity (FVC), and bronchodilator responsiveness 

(change in FEV1 or FVC after administration of an 

inhaled bronchodilator).2

The interpretation of lung function tests involves two 

tasks: (1) the classification of the measured FEV1, 

FVC, and bronchodilator response with respect 

to a reference population based on the patient’s 

age, height and gender; and (2) the integration 

of the obtained values into the diagnosis.3 While 

the second task requires the interpretation of the 

measured values within the context of clinical 

presentation and patient care, the first task 

relies solely on the synthesis of data obtained by 

laboratory spirometry testing.

In order to identify a population of asthmatic 

patients with bronchodilator responsiveness, 

we aimed to identify spirometric values and 

bronchodilator response, referred to as the 

“Bronchodilator Challenge” (BDC). The Veteran 

Health Affairs (VHA) collects PFT data directly 

from spirometry equipment that is electronically 

connected to Veterans Health Information Systems 

and Technology Architecture (VistA). Nevertheless, 

preliminary analysis found approximately three times 

more procedure codes for BDCs than computer-

generated BDC reports in the structured PFT data 

domain, suggesting that a large number of values 

are missing from the structured data. In searching 

the medical notes from the “back end” using the 

Corporate Data Warehouse (CDW), we found 

many cases where the computer-generated report 

appeared to be electronically copied and pasted into 

the clinicians’ medical note. Physician interpretation 

of the BDC study was also found in medical notes. 

Patients without computer-generated spirometry 

were also found to have Portable Document 

Format (PDF) and image files uploaded into the 

computerized patient record system—meaning 

the provider printed the report, then scanned and 

attached it to the patient’s medical record. This 

type of scanned file is not available in the CDW and 

cannot easily be used for research.

We developed a natural language processing (NLP) 

tool to extract FEV1 and FVC pre- and post BDC 

from medical notes in order to complement data 

obtained from the electronically captured BDC 

reports, to more completely assess bronchodilator 

response in our asthma population from the Rocky 

Mountain Network of the Veterans Affairs Health 

(VHA) System. The goal of this study was to validate 

the NLP against expert review for accuracy in 

identifying spirometric values and bronchodilator 

responsiveness, and to estimate the number of 

additional values identified with NLP plus structured 

data compared to the structured data alone.

Methods

Settings and Ethics

The study was conducted in the VHA Care System 

using data from the Rocky Mountain Network, a 

referral center for a large patient base of veterans 

for Utah, Colorado, Wyoming, and Montana. Seven 

VA Medical Centers in the region provide pulmonary 

function testing services. Documents were extracted 

from the Veterans Informatics, Information, and 

Computing Infrastructure, which provides centralized 

access to the VA CDW in a secure computing 

environment.4 This study was approved by the 

University of Utah Institutional Review Board 
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(IRB#00062528) and the VA Salt Lake City Health 

Care System Research and Development Committee.

Study Population

We identified all patients between January 1, 2006 

and December 31, 2012 who contained International 

Classification of Disease-Edition 9 (ICD-9) codes 

for asthma (493.xx) and excluded all patients with 

a concomitant diagnosis of chronic obstructive 

pulmonary disease (491.2, 493.2, 496, 506.4), 

emphysema (492.x), cystic fibrosis (277.0x), and 

bronchiectasis (494.xx).

Measurement

Identification of Bronchodilator Responsiveness

Evidence of spirometry with a BDC was extracted 

from structured data as well as clinical documents in 

two ways: presence of BDC in structured PFT tables, 

and presence of a Current Procedural Terminology 

(CPT) code 94060 during the study period. We 

linked patients’ clinical notes to visits that generated 

the CPT code for BDC and allowed for a 10 day 

window on each side of the visit date that generated 

the CPT BDC code. Response to the BDC was 

identified if a computer-generated BDC result was 

available or if NLP was able to extract spirometry 

data or provider interpretation from the medical 

notes. BDC response was defined by Equation 1 

below. All complete BDC tests were classified into 

three clinically relevant categories in accordance 

with standard spirometry interpretation:5 change in 

FEV1 or FVC of 200mL, plus the following:

1.	 No significant response <12 percent 

improvement;

2.	 Significant response 12–19 percent improvement; 

or

3.	 Highly significant response ≥ 20 percent 

improvement.

Personalized medicine, a recent paradigm shift in 

health care, would suggest that asthma patients may 

respond to treatment differently, depending upon 

phenotype. A recent randomized, placebo-controlled 

study examining Brodalumab, a human anti-IL 17 

receptor monoclonal antibody, reported a suggestive 

treatment effect only among study participants 

with asthma classified as having high bronchodilator 

reversibility.6 High bronchodilator reversibility 

may serve as a clinical phenotype or marker for 

people suffering from severe asthma that is often 

uncontrolled. Thus, this literature, coupled with the 

recent paradigm shift in health care, encouraged 

us to utilize the three analytic categories that are 

clinically interpretable in order to differentiate 

between potential asthma population phenotypes.

Identification of Note Patterns for Natural Language 

Processing (NLP)

The NLP algorithms were developed to identify 

three primary note patterns to extract spirometry 

information from, which included extraction of 

Equation 1. Percent Change in FEV1 and FVC

percent change in FEV1 =
(FEV1Postbronchodilator – FEV1preBronchodilator)

*100%
FEV1preBronchodilator

percent change in FVC =
(FVCpostbronchodilator – FVCpreBronchodilator)

*100%
FVCpreBronchodilator



spirometry results from semistructured (tables) 

notes, extraction of spirometry results documented 

in unstructured narrative, and extraction of physician 

interpretation from narrative data.

1.	 Semistructured notes contained tables that 

appeared to be a copy and paste from the 

computer-generated spirometry report.

2.	 Unstructured narrative of spirometry results 

included actual FEV1 and FVC values 

documented by the provider.

3.	 Physician Interpretation means that the provider 

made a qualitative assessment based on patient 

response. For example, “Following the inhalation 

of the bronchodilator, there is no significant 

improvement in the spirometric numbers.”

Semistructured Notes (Figure 1)

To determine the percent of FVC or FEV1 change, 

actual FVC and FEV1 values need to be identified 

and extracted for both pre- and postbronchodilator 

measurements. The JAVA software program we 

developed was used to generate regular expressions 

to identify and extract FEV1 and FVC values. Experts 

reviewed notes and collected patterns to build 

extraction rules. Extraction rules were composed of 

regular expressions that describe patterns and that 

tell the program when to capture information and 

how to classify that information, described in detail 

in Appendix A.

Unstructured Notes

Clinicians also document spirometry findings 

during their clinical assessment, including pasted 

semistructured spirometry notes and free-

text formats. Extracting spirometry data from 

unstructured text is more complex than extracting 

it from semistructured notes because the variability 

of unstructured text is infinitely greater than the 

variability of semistructured notes and unstructured 

text does not have a fixed pattern to describe 

each variable. The most difficult problem is correct 

Figure 1. Semistructured Pulmonary Function Test (PFT) Note
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assignment of study findings to pre and post 

statuses. The NLP required heavy use of verb and 

span position to differentiate the pre- and post 

variables. Figure 2 demonstrates the use of verb 

or span position to discriminate the pre- and post 

variables in addition to phrases that indicate a 

change, such as “improves to” or “reduced to.”

Physician Interpretation

The primary goal of our NLP program was to 

extract the actual FEV1 and FVC values required 

to compute percent change in FEV1. Even though 

physician interpretation was not quantifiable, it was 

deemed an important source of information since 

some facilities did not appear to have the ability to 

paste computer-generated reports directly into their 

clinical notes. For example, the clinician may have 

written the following: “Following the inhalation of the 

bronchodilator, there is no significant improvement 

in the spirometric numbers.”

This interpretation provides evidence that the 

change in FEV1 is likely less than 12 percent as it 

mentioned that there is no significant improvement 

on the FEV1 after inhaling the bronchodilator. 

The working assumption is that clinicians use 

the guidelines of 12 percent change in FEV1 to 

indicate a significant change. We thus developed 

an approach to capture clinical interpretation of the 

BDC to classify study results into significant versus 

nonsignificant results when actual values were 

not reported. Appendix B provides example text 

representing physician interpretation.

Figure 2. Example of Unstructured Note with Description of Spirometry Findings



NLP Software and Training Procedures

Patients meeting inclusion criteria in Veterans 

Integrated Service Networks (VISN) 19 with a BDC 

identified by CPT code 94060 were eligible for NLP 

processing. NLP was limited to patients with CPT 

for BDC, since this would be a reasonable strategy 

for an epidemiological study and limiting to people 

with known tests would reduce false positives from 

other types of spirometry measures. Clinical notes 

generated 10 days before the visit date for BDC 

identified by CPT and 10 days after were included 

to reduce false negative findings. This process 

identified 12,156 notes with 2,468 having mention 

of FEV. Four hundred of the 2,468 notes were used 

to collect patterns and develop the NLP extraction 

procedures. After development, 1,001 notes were 

used to evaluate the software performance (the goal 

was to use 1,000 notes for validation but our counter 

started at 0).

The software customized for this project integrates 

NLP and performance evaluation into a single 

JAVA-based standalone program running under the 

Veterans Informatics, Information, and Computing 

Infrastructure research environment.7 A simple rule-

based system was built to extract and standardize 

PFT results and interpretations. In the training stage, 

experts reviewed notes and collected patterns to 

design extraction rules using regular expression.8 

These extraction rules are specific to terms and 

patterns identified in the note structure, and they 

operationalize knowledge about the relationships 

between concepts (FEV1) and values within the data. 

The current literature adequately supports utilizing 

regular expressions for NLP extraction.9-10 Several 

studies have utilized VHA data sources and followed 

an approach similar to ours in extracting information 

from unstructured data with adequate performance. 

For example, a similar NLP system was able to 

effectively extract left ventricular ejection fraction 

from free-text echocardiogram reports, which is a 

vital component to measure in ensuring that those at 

risk for heart failure are being cared for adequately.11 

F-Measures at both the concept and document 

levels were >90 percent. Furthermore, an additional 

hybrid regular expression and NLP solution was 

utilized in processing blood culture microbiology 

reports.12 Sensitivity and positive predictive values 

represented superior NLP performance, further 

emphasizing the importance of utilizing regular 

expressions and NLP solutions within the VHA for 

health and surveillance outcomes research.

Our NLP extraction system runs in the background 

and lists FEV1 NLP results in the result area at the 

bottom of the screen for each note (Figure 3). An 

expert programmer reviewed 400 notes from VISN 

19 with a pulmonologist. During this review process 

the programmer collected patterns and composed 

extraction rules for each pattern. The 400 notes 

were intentionally selected (sampled by facility) to 

represent variability among stations and facilities. 

The NLP algorithms were revised until the system 

could correctly extract FEV1 and FVC information 

from at least 95 percent of the 400 notes. This 

confirmation-based approach worked well for our 

extraction task because there was little clinical 

judgment required for assessing the accuracy of the 

concept extraction and we targeted notes based on 

CPT tests for BDCs. This approach, however, may not 

be ideal for more complex annotation and extraction 

tasks where information may be found in a variety of 

locations within the medical note.

NLP Review Tool

The software developed for this project has two 

main panels: the left panel provided the text and 

extraction results, and the right panel provided the 

reviewer decision buttons. The lower left text box 

displays the data extracted and standardized from 

each note, such as “fvc-pre = 3.4, fvc-post = 3.6, fev1-

pre = 2.7, fev1-post=2.9” and physician interpretation. 
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The upper text panel lists the text content from 

the clinical note being reviewed. Keywords and 

concepts are highlighted to show how the computer 

annotated and standardized content. Buttons on 

the far left were designed for navigation. They allow 

the reviewer and adjudicator to advance through 

different notes or batches of notes. Buttons on 

the right side were designed to capture reviewer 

judgment regarding NLP performance for each 

note. This software supports rapid confirmation of 

NLP extraction and quick identification of problems 

when the text extraction failed to capture the correct 

information (Figure 3).

NLP Evaluation

After the training phase was complete, the NLP 

software was run on all remaining medical notes 

for the study population. One reviewer was trained 

by the pulmonologist (Jones) to use the evaluation 

software to confirm that the NLP correctly 

extracted PFT data. A checklist was provided along 

with a brief help manual to improve consistency 

during evaluation. Each document was reviewed 

by the reviewers and pulmonologist, and was 

adjudicated by the two reviewers (the reviewers 

discussed and came to a consensus) when 

discrepancies were found.

Figure 3. User Interface for NLP and Evaluation Software with Labeled Features



Reviewers were given 10 batches of 100 notes 

each. After adjudication, each batch was sent to 

the statistical team to generate a report on the 

accuracy of the NLP software for that batch and 

all batches up to that point. Specifically, precision, 

recall, f-measure, overall accuracy, and 95 percent CI 

were computed. The evaluation stop rule was very 

conservative. The criterion was to stop evaluation 

if overall accuracy was at least 95 percent after 

reviewing 1,000 notes.

Statistical Analysis

Using the adjudicated human review results as the 

reference standard, NLP performance was evaluated 

using Accuracy, Recall, Precision, and F-measure13 

for the each concept separately—i.e., FVC-pre, 

FVC-post, FEV1-pre, FEV1-post—and bronchodilator 

responsiveness among completed BDCs (paired 

FEV1 or FVC) and physician interpretations. The 

contingency Table 1 is a traditional way to report 

performance of information extraction software. 

Precision is the fraction of extracted instances that 

are correct (i.e., positive predictive value). Recall is 

the fraction of instances observed in the reference 

standard that are extracted by the software 

(sensitivity). The F-measure is the harmonic mean of 

the combined precision and recall. Accuracy is the 

proportion of extracted instances that are correctly 

classified among all possible classifications from 

the reference standard. Equation 2 contains the 

formulas used to compute the information extraction 

performance measures discussed.

Results

Performance of the NLP Software Against Human 

Review

Among 1,001 documents reviewed by clinical 

reviewers, adjudication was required for 40 notes. 

Table 2 describes the performance of the NLP 

tool to extract FVC and FEV1 values for pre- and 

postbronchodilator tests separately. Table 3 

presents the overall performance for complete BDC 

information, i.e., complete pairs were identified for 

FEV1 and FVC tests. Table 4 presents the performance 

of the provider interpretation of BDC spirometry.

Table 1. Contingency Table Showing the Relationship Between Extraction Software and the  

Reference Standard

FEV NLP  
PERFORMANCE

ADJUDICATED HUMAN REVIEWER RESULTS  
AS REFERENCE STANDARD

FEV EXTRACTION NO FEV EXTRACTION

N
L

P FEV Extraction TP True Positive FP False Positive

No FEV Extraction FN False negative TN True negative

Equation 2. Measures of NLP Performance

accuracy =
tp + tn

tp + tn + fp + fn
recall =

tp

tp + fn

precision =
tp

tp + fp
f-measure = 2 x

precision x recall

precision + recall
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Table 2. Performance of NLP to Extract FEV and FVC Values

FVC-PRE FVC-POST FEV1-PRE FEV1-POST

True Positive 153 88 154 105

True Negative 838 910 847 896

False Positive 0 1 0 0

False Negative 0 2 0 0

Accuracy 100% 
[99.63%, 

100%]

99.70% 
[99.13%, 
99.94%]

100% 
[98.48%, 

100%]

100% 
[99.63%, 

100%]

Precision 100%  
[97.62%, 
100%]

98.88% 
[93.90%, 
99.70%]

100%  
[97.63%, 
100%]

100% 
[96.55%, 
100%]

Recall 100%  
[97.62%, 
100%]

97.78% 
[92.20%, 
99.73%]

100%  
[97.63%, 
100%]

100% 
[96.55%, 
100%]

F-measure 100% 98.32% 100% 100%

Table 3. Performance of NLP Extracted FEV and FVC for Pre- and Post Pairs

FVC-PRE AND POST PAIR FEV1-PRE AND POST PAIR

True Positive 88 105

True Negative 910 896

False Positive 1 0

False Negative 2 0

Accuracy 99.70% [99.13%, 99.94%] 100% [99.63%, 100%]

Precision 98.88% [93.90%, 99.70%] 100% [96.55%, 100%]

Recall 97.78% [92.20%, 99.73%] 100% [96.55%, 100%]

F-measure 98.32% 100%



Impact of NLP on Measurement of BDC in the 

Asthma Population

The attrition figure describing the asthma 

population, evidence of BDC tests, and proportion 

with measurement of BDC response is provided 

in Figure 4. Among 9,766 patients in the study 

population we identified, a CPT code for BDC or 

a computer-generated PFT report for a BDC test 

were observed in 23 percent (2,245 of the 9,766). 

Of these patients, 68.42 percent (n=1,536) had 

evidence of a CPT code only, 19 percent (n=427) had 

structured PFT data only, and 12.6 percent (n=282) 

had evidence of both structured PFT BDC data and 

a CPT code for a BDC.

Among the 1,818 patients with a CPT code for BDC, 

we retrieved 2,464 notes containing the FEV1 search 

term. Applying the NLP resulted in 180 additional 

patients in our population, which was a 25.38 

percent increase (709 to 889) in the number of 

patients in our cohort with a measure of reversibility. 

Nevertheless, the fraction of veterans in the cohort 

with complete BDCs who had evidence of receiving 

only a BDC increased from 31.6 percent to 39.6 

percent. Among the 699 asthma patients in VISN 19 

with complete PFT BDC results, there are only 272 

(38.91 percent) patients who also had a CPT code 

for a BDC (CPT:94060).

NLP Impact on Classification of Reversibility in VISN 

19 Asthma Population

Table 5 presents the highest level of reversibility 

for all asthma patients meeting inclusion criteria 

in VISN 19 when using only computer-generated 

BDC reports. Among the known reversibility group 

at the index date, 0.56 percent of the population 

had high reversibility, 1.22 percent of the population 

had significant reversibility, and 5.38 percent of the 

population had a nonsignificant reversibility response. 

The reversibility group characterized as unknown, with 

CPT BDC only, was 15.83 percent of the population, 

while those with no evidence of BDC studies were an 

estimated 77.01 percent of the population.

Table 6 incorporates NLP findings into the 

classification of reversibility. Inclusion of NLP data 

increased the total number of people available for 

reversibility review from 699 to 879, thus increasing 

our ability to classify level of reversibility by 25.75 

percent. The number of people classified as highly 

Table 4. Performance of Physician Interpretation of BDC Results

SIGNIFICANT RESPONSE NONSIGNIFICANT RESPONSE

True Positive 146 232

True Negative 600 600

False Positive 13 13

False Negative 4 6

Accuracy 97.77% [96.46%, 98.70%] 97.77% [96.54%, 98.65%]

Precision 91.82% [86.41%, 95.57%] 94.69% [91.10%, 97.14%]

Recall 97.33% [93.31%, 99.27%] 97.48% [94.59%, 99.07%]

F-measure 94.50% 96.07%
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Note: The total number of patients with complete BDC data increased from 709 to 889 after implementation of NLP on clinical notes—a 25% 
increase in the total number of patients with complete BDC data. The large number of patients with procedure codes for BDC but no available 
structured data or NLP extracted data indicates other techniques are needed to identify and extract BDC from the data warehouse. Chart review 
indicated most missing BDCs are scanned into the medical notes as image files, which are currently unavailable in the data wharehouse estab-
lished for operational activities and research.

Figure 4. Attrition Figure for Asthma Population

Patients with asthma and no  
additional obstructive lung diseases

9,766 (55.3%)

Patients with diagnostic code for  
asthma during FY 2006-2012 in  

Rocky Mountain Region (VISN 19)

17,660

Patients with evidence of a pulmonary 
function test with bronchodilator 

challenge

2,245 (23.0%)

Patients with additional obstructive  
lung disease (COPD, emphysema,  

cystic fibrosis, bronchiectasis)

7,894 (44.7%)

Patients without evidence of a  
plumonary function test with 

bronchodilator challenge

7,521 (77.0%)

Patients with  
a Procedure  

code for BDC 
(94060)

N=1,818 (81.0%)

PFT Data  
Recovered by NLP

N=180

N=282 
(12.6%)

Patients with 
Structured  
PFT Data in  
Clinical Data 
Warehouse

N=709 (31.6%)



reversible doubled from 55 to 106 (1.09 percent 

of population). Asthma patients classified with 

significant reversibility rose from 119 to 158 (1.62 

percent of population), and the number of people 

classified as having no significant response increased 

from 525 to 615 (6.30 percent of population).

Discussion

Our study demonstrates that our natural language 

processing tool for PFT data was accurate in 

extracting spirometry values and BDC results from 

clinical documents. The NLP increased the ability to 

classify patients’ reversibility status by 25 percent in 

our study population, thus improving characterization 

of our asthma population for epidemiological 

evaluation. The NLP software extracted information 

from both semistructured and unstructured 

documents to extract FEV1 and FVC values before 

and after administration of a bronchodilator.

The overall performance of the NLP software, 

especially for FEV1 pre- and post pairs, appears 

to be better than that of other studies of NLPs 

Table 5. Distribution of BDC Reversibility in VISN 19 PFTs

REVERSIBILITY 
GROUP AT  

INDEX DATE

REVERSIBILITY  
CRITERIA

NO VOL.  
CRITERIA 

WITH VOL.  
CRITERIA

% POPULATION

Known High reversibility 55 55 0.56%

Significant 
reversibility

124 119 1.22%

Nonsignificant 525 525 5.38%

Unknown CPT BDC only 1,546 – 15.83%

No evidence of  
BDC studies

7,521 – 77.01%

Table 6. Distribution of Reversibility in VISN 19 Based on Computer-Generated PFTs for BDC and  

NLP Results

REVERSIBILITY 
GROUP AT  

INDEX DATE

REVERSIBILITY  
CRITERIA

NO VOL.  
CRITERIA 

WITH VOL.  
CRITERIA

% POPULATION

Known Highly 106 106 1.09%

Significant 164 158 1.62%

Nonsignificant 615 615 6.30%

Unknown CPT BDC Only 1,366 – 13.99%

No evidence of BDC 
studies

7,521 – 77.01%
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designed to extract other clinical data, possibly 

due to the relatively small amount of variability in 

semistructured spirometry notes and unstructured 

notes within our study population and our 

document selection criteria.14-16 For example, a 

similarly designed study utilized NLP to identify 

patients in the VHA with systemic sclerosis that 

were on prednisone, which can potentially lead 

to scleroderma renal crisis.14 Overall, their NLP 

performed substantially less than what we were able 

to achieve (precision 81 percent, recall 97 percent, 

F-measure 87 percent). Furthermore, we recently 

developed NLP software in support of identifying 

outpatient infusions in the VHA; similarly, precision 

and recall were not as high as what we have 

observed in abstracting PFT reports.15

Even with the addition of the NLP, there nevertheless 

remained a large number of patients with codes for 

a BDC that remained uncharacterized. Notes were 

retrieved based on evidence of CPT codes for BDC, 

which is a reasonable strategy to reduce the NLP 

processing time. However, broadening our clinical 

document selection criteria by retrieving documents 

with terms such as FEV regardless of evidence of 

CPT codes indicating BDC may increase the yield 

of spirometric values identified, at the cost of some 

reduced accuracy. As our software is scaled up to 

the national VA or other data systems, future work 

will be needed to increase the ability of our NLP 

to capture more information while maintaining 

accuracy on a large scale.

Veteran patients with evidence of a BDC from CPT 

codes who did not have a computer-generated 

report or NLP evidence of a BDC were reviewed 

using the VA’s Computerized Patient Record System. 

An ad hoc review found many of these patients had 

a PDF image of their BDC in their medical record. 

These images are readily available for clinical care but 

the CDW has not built a system that supports easy 

retrieval of image files from VistA imaging systems.

Currently, the only way to access these files 

is to identify patients of interest and use the 

Compensation and Pension Records Interchange 

or VistAWeb, which is accessible through the 

computerized patient record system, to review each 

person.4 Nevertheless, there appears to be interest 

within the VA to make VistA image files available for 

research, but the system currently lacks a standard 

note title—making it difficult to retrieve specific 

information from the system. For example, there 

is no way to request all PFTs that are available as 

scanned PDF files from VistA imaging systems. The 

only way to retrieve scanned PFT and BDC images 

would be to identify CPT codes for BDCs, then 

attempt to link VistA imaging using visit dates or 

visit identifiers. Unfortunately, a review of CPT codes 

for BDCs in patients with computer-generated BDC 

reports suggests that this approach would not be 

very sensitive.

The current NLP system could be applied to PDF 

image files, but it would first require integration 

of optical character recognition software to 

electronically convert text from the image to 

machine-encoded text. Future efforts in the VA will 

focus on obtaining and processing scanned image 

files to develop a more complete assessment of lung 

function in patients with asthma.

An analysis of the national-level PFT table found 

39 facilities out of 152 with evidence of computer-

generated BDCs. Eleven stations had computer-

generated BDCs for 95 percent or more of the CPT 

codes for BDC. Epidemiological studies evaluating 

the relationship between medication exposure and 

changes in PFT over time may be biased if a station 

is also associated with medication selection. VHA 

researchers should be careful using computer-

generated BDCs for epidemiological evaluation  

until a more complete capture of PFTs is achieved  

in the CDW.



Conclusion

In this study we had access to structured laboratory 

spirometry data but soon discovered it to be 

incomplete. In order to address this, we developed 

an NLP program that extracted FEV findings in 

medical notes. However, this improved our overall 

capture to only 39.6 percent of all identified CPT 

codes for BDCs in our population. Complete 

capture of BDCs would require access to VistA 

image, but this is not viably accessible at this point 

for database research. From our investigation, we 

can conclude that several complexities exist when 

working with clinical data found within large health 

enterprise systems. How the data are captured and 

subsequently stored can dramatically influence 

the completeness and accuracy of epidemiologic 

findings. Research investigators need to be cautious 

in assuming a single domain of clinical data 

can completely capture the scope of a disease, 

treatment, or clinical test.
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Appendix A.

Table A1. Rules and Regular Expressions to Extract FEV1 and FVCs from Semi-structured Notes

# RULES COMMENTS

1 { Start

2 {
"filter",

"PRE[-]DILATOR([ ]+)POST[-]DILATOR([ ]*)"
+ regex_return
+ "(([ ]|[a-z]|[%])+)" + regex_return
+ "(fvc)[:]([ ]+)"
+ regex_number + "([ ]+)"
+ regex_number + "(([<]|[ ])*)[%]" + "([ ]+)"
+ regex_number + "([ ]+)"
+ regex_number + "(([<]|[ ])*)[%]" + "([ ]+)"
+ regex_return + "(fev1)[:]([ ]+)"
+ regex_number + "([ ]+)"
+ regex_number + "(([<]|[ ])*)[%]" + "([ ]+)"
+ regex_number + "([ ]+)"
+ regex_number + "(([<]|[ ])*)[%]",

"filter",
false,
false // output the variable?

},

1.	 Find possible semi-structured PFT results in 
format like Figure 4.

2.	Generate a new variable called “filter”.
3.	Captured result is saved to “filter” for 

subsequent process, but not output.

3 {
"fvcstr",
"(fvc)[:]([ ]+)" + regex_number + "([ ]+)"
+ regex_number + "(([<]|[ ])*)[%]"
+ "([ ]+)"
+ regex_number + "([ ]+)"
+ regex_number + "(([<]|[ ])*)[%]"
+ "([ ]+)",

"filter",
false

},

1.	 Find terms by using regular expression to 
search result of “filter”.

2.	Generate a new variable called “fvcstr”.
3.	Captured result is saved to “fvcstr”.
4.	False – no output

4 {
"get", "split", " ", 5, 2,
"fvc_pre",
"fvcstr",
true

},

1.	 Variable “fvcstr” is the source here
2.	Call method “split” to split the input into 5 

blocks using separator “ ”.
3.	Save the 2nd block as results into a new 

variable “fvc_pre”
4.	true – output to final results

5 {
"get", "split", " ", 5, 4,
"fvc_post", "fvcstr",
true

},

Similar to Step 4; 
Extract value for variable “fvc_post”
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Table A1. Rules and Regular Expressions to Extract FEV1 and FVCs from Semi-structured Notes 

(Cont’d)

6 {
"fev1str", "(fev1)[:]([ ]+)"
+ regex_number + "([ ]+)"
+ regex_number + "(([<]|[ ])*)[%]"
 + "([ ]+)"
+ regex_number + "([ ]+)"
+ regex_number + "(([<]|[ ])*)[%]",

"filter",
false

},

Similar to step 3; 
Capture phrases for step 7 and 8

7 {
"get", "split", " ", 5, 2,
"fev1_pre", "fev1str",
true

},

Similar to step 4

8 {
"get", "split", " ", 5, 4,
"fev1_post", "fev1str",
true

},

Similar to step 5

9 {
"index", "10001"

}

Index id, saved with captured information so 
we can know which patterns works and get 
this result



Appendix B.

Table B1. Physician Interpretation Examples

EXAMPLES OF NON SIGNIFICANT RESPONSE

1 Following the inhalation of a bronchodilator, there is no significant improvement.

2 Following the inhalation of a bronchodilator, there is no improvement.

3 Following the inhalation of a bronchodilator, there is no clinically significant 
improvement.

4 Bronchodilator therapy was administered followed by repeat spirometric testing.
The FEV1 one and FEF 25-75% are significantly increased indicating that this patient 
would most likely benefit from continued bronchodilator therapy. 

5 Ratio of change in  FEV1 .5 is 11% indicating NO CLEAR IMPROVEMENT.

6 Ratio of change in  FEV1 -1 is 8% indicating NO CLEAR IMPROVEMENT.

EXAMPLES OF POSITIVE RESPONSES

1 Following the inhalation of a bronchodilator, there is a significant improvement in the 
FEV1 going up by 13% to 2.76 L. 

2 Following the inhalation of a bronchodilator, there is a significant improvement in the 
spirometric values. The  FEV1 improves by 16% to 2.47 L and the FVC improves by 
14% to 3.91 L.

3 Ratio of change in fev.5 is 17% indicating there is improvement.

4 Following the inhalation of a bronchodilator, there is a significant improvement in the  
FEV1 going up by 24% to 4.01 L.

5 Following the inhalation of a bronchodilator, there is a significant improvement in the 
spirometric values. The FVC improved by 28% to 3.84 L and the  FEV1 improved by 
55% to 3.04 L.


