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Aims Stress echocardiography (SE) findings and interpretations are commonly documented in free-text reports. Reusing SE 
results requires laborious manual reviews. This study aimed to develop and validate an automated method for abstracting 
SE reports in a large cohort.

Methods 
and results

This study included adult patients who had SE within 30 days of their emergency department visit for suspected acute 
coronary syndrome in a large integrated healthcare system. An automated natural language processing (NLP) algorithm 
was developed to abstract SE reports and classify overall SE results into normal, non-diagnostic, infarction, and ischaemia 
categories. Randomly selected reports (n = 140) were double-blindly reviewed by cardiologists to perform criterion val
idity of the NLP algorithm. Construct validity was tested on the entire cohort using abstracted SE data and additional 
clinical variables. The NLP algorithm abstracted 6346 consecutive SE reports. Cardiologists had good agreements on 
the overall SE results on the 140 reports: Kappa (0.83) and intraclass correlation coefficient (0.89). The NLP algorithm 
achieved 98.6% specificity and negative predictive value, 95.7% sensitivity, positive predictive value, and F-score on the 
overall SE results and near-perfect scores on ischaemia findings. The 30-day acute myocardial infarction or death out
comes were highest among patients with ischaemia (5.0%), followed by infarction (1.4%), non-diagnostic (0.8%), and nor
mal (0.3%) results. We found substantial variations in the format and quality of SE reports, even within the same 
institution.

Conclusions Natural language processing is an accurate and efficient method for abstracting unstructured SE reports. This approach 
creates new opportunities for research, public health measures, and care improvement.
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Introduction
Acute coronary syndrome (ACS) is the leading cause of death, ac
counting for >9 million deaths globally in 2019.1 Stress echocardiog
raphy (SE) is a common noninvasive cardiac test to evaluate 
emergency department (ED) patients with suspected ACS.2 Stress 
echocardiography is recommended for patients at intermediate 
risk of ACS because of its accuracy, moderate cost, and safety. 
However, its accuracy varies depending on the expertise of the inter
preting clinician. Furthermore, there is still considerable disagree
ment about its cost-effectiveness and appropriate population.3

Most clinical recommendations and guidelines have relied on 
meta-analyses of small-scale studies, or studies conducted more 
than a decade ago.2,4–8 Large-scale observational studies on SE are 
becoming possible because clinician-interpreted SE reports become 
more commonly available. However, manual abstracting of vast 
amounts of free-text formatted SE reports is time-consuming. 
Despite the American Society of Echocardiography’s recommenda
tions for a standardized echocardiography report two decades ago, 
most SE reports are still reported in non-standardized formats.9

As artificial intelligence becomes more widely adopted in healthcare, 
natural language processing (NLP) has been used to extract information 
from unstructured data for many clinical specialties, including cardi
ology.10–12 In cardiovascular imaging, NLP has mostly been utilized to ex
tract ejection fractions (EFs) from echocardiography reports.13 To the 
best of our knowledge, NLP has never been used to evaluate SE results. 
Understanding the association between pre-test risk factors and the like
lihood of an ischaemic stress test, for example, could help improve the 
efficiency, affordability, and effectiveness of these diagnostic tests.

This study aims to develop and validate an NLP algorithm to reli
ably abstract SE reports compared with the cardiologists-created 
gold standard, and accurately identify SE results in a real-world pa
tient population.

Methods
Study setting
This was a retrospective cohort study among members of Kaiser 
Permanente Southern California (KPSC), an integrated healthcare 
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organization with over 8500 physicians, 15 hospitals, 234 medical offices, 
and ∼1 million annual ED visits. Kaiser Permanente Southern California 
provides prepaid health care to over 4.7 million racially and socio- 
economically diverse members in KPSC-owned facilities and contracting 
facilities. All KPSC ED sites used the same troponin lab assay during the 
study period (Beckman Coulter Access AccuTnI+3). Emergency depart
ment physicians at KPSC can order noninvasive cardiac testing as part of 
the discharge and follow-up plan for patients with suspected acute cor
onary syndrome (ACS). The KPSC Institutional Review Board approved 
this study.

Study population
We included all KPSC members aged 18 years or older with an ED visit 
for suspected ACS triggering a troponin lab order between 01/01/2015 
and 12/31/2019, who underwent an SE within 30 days of their visit. We 
excluded patients who were transferred from a non-KPSC hospital or 
died in the ED. We also excluded patients without KPSC health plan 
membership because our data do not accurately capture comorbidities 
and patient outcomes for non-members. Stress echocardiography stud
ies were identified using Current Procedural Terminology (CPT®) codes 
(93 350–93 351) with order linked to the index ED visit. Both exercise SE 
(ESE) and dobutamine SE (DSE) examinations were included in the study. 
Figure 1 depicts the flow of participants through the study.

We obtained demographic information including age, sex, and race 
from administrative records; smoking and family history of coronary ar
tery disease (CAD) from self-reported fields in electronic medical re
cords (EMR); medications from pharmacy records. Body mass index 
was measured from ED intake documentation or the most recently avail
able visit. Troponin values were extracted from the lab data. HEART (his
tory, electrocardiogram, age, risk factors, troponin) risk stratification 
scores calculated at the time of the index ED visit were retrieved from 
the EMR.14 Comorbidities were defined using the International 
Classification of Diseases Ninth/Tenth Revision, Clinical Modification 
(ICD-9/10-CM) codes included in the Elixhauser score.

Stress echocardiography reports
Kaiser Permanente Southern California does not have structured report
ing for SE exams. The SE reports were dictated or written by the inter
preting physicians in unstructured or free-text formats and saved to the 
Epic Clarity system running on Oracle Exadata.

Training and validation datasets
By test year, we divided the SE reports for training (2015 and 2018) and 
validation (2016 and 2017) sampling (Figure 1). We chose half of the cases 
with a major adverse cardiac event (MACE) in the 6 months following SE 
tests to increase the abnormal cases in the sample data. We created 
training (n = 120) and validation (n = 150) datasets using random strati
fied sampling. Three board-certified cardiologists from three institutions 
(M.F., M.S.L., and R.F.R.) independently abstracted the SE reports in the 
training and validation datasets. The cardiologists were blinded to each 
other’s reviews and abstracted solely based on the reports. The results 
of the cardiologists’ review were compared, and conflicts were resolved 
through discussion and consensus. For the validation data, each cardiolo
gist reviewed 100 cases, and each report was reviewed by two cardiolo
gists. The adjudicated results served as the reference standard against 
which NLP was evaluated. The reference standard only contained char
acteristics that were common to both DSE and ESE to maintain a suffi
cient sample size. We calculated the weighted Cohen’s Kappa15 and 
the intraclass correlation coefficient (ICC)16 based on the agreement.

Natural language processing algorithm
We developed an NLP-based algorithm to extract information from the 
SE reports (Figure 2). The core NLP processes have already been dis
cussed in our prior publications on abstracting exercise treadmill test17

and myocardial perfusion imaging (MPI) reports.18 Additional technique 
details for abstracting SE reports are provided in the Supplementary 
material online. Our main goal was to accurately identify the overall SE 
test results by categorizing each test into four categories19,20: 

Ischaemia*: Stress-induced wall motion abnormality, suggestive of 
stress-induced ischaemia. *For ischaemia patients, additional infarc
tion finding was also abstracted.

Infarction: No definitive ischaemic finding, but resting wall motion abnor
malities and/or significant wall thinning without improvement during 
stress.

Non-diagnostic: Ischaemia or infarction cannot be ruled out due to the 
presence of artefacts or sub-optimal test quality, or failure to achieve 
85% of the maximum predicted heart rate (MPHR).

Normal: Test quality was sufficient to rule out ischaemia or infarction, and 
the patient completed the test with an appropriate heart rate.

Besides abstracting the conclusive interpretation, we also captured and 
synthesized the test results based on the regional wall motion status ac
cording to the criteria described in Supplementary material online, 
Table S1.

For cases with ischaemia, we further identified the location and extent 
of ischaemia (Supplementary material online, Method S1). In cases where 
the extent of ischaemia was not stated in the report, we estimated it 
based on the number of segments involved. We used the 17-segment 
model to define the ischaemic extent as small (involving 1–2 segments), 
medium (3–4 segments), and large (≥5 segments).19,21 The rest and 
stress EF results as documented in numerical or ordinal values were sep
arately extracted. The numerical EF values were converted into ordinal 
values as severely abnormal (<30%), moderately abnormal (≥30 to 
39%), mildly abnormal (40–49%), normal (≥50%), and hyperdynamic 
(>75%). The NLP algorithm extracted other commonly documented in
formation from the SE reports, including stress protocol used, exercise 
time, maximum heart rate achieved, blood pressure response, maximum 
rate pressure product (MRPP), exercise capacity, and whether adequate 
stress was achieved (≥85% MPHR for both exercise and dobutamine, 
MRPP > 25 000 for exercise stress). Besides the echocardiographic 
data, clinical and electrocardiographic data were also extracted, including 
test indication, symptoms reported during stress, reasons for test ter
mination, and ST-segment changes on the stress electrocardiogram.

Criterion validity of natural language 
processing algorithm
We evaluated the performance of NLP against the reference standard 
created by double-blinded reviews and consensus among cardiologist re
viewers. For multi-class classification with imbalanced data, the micro- 
averaged scores are the preferred overall performance measures.22 To 
compute the micro-averaged scores, we first dichotomized the SE result 
for each category and counted the numbers of true positive (TP), true 
negative (TN), false positive (FP), and false negative (FN). Then we calcu
lated the sensitivity, specificity, positive/negative predictive value (PPV/ 
NPV), and F-score (i.e. the harmonic mean of sensitivity and PPV) for 
each dichotomized class. We calculate micro-averaged scores based on 
the sum of counts of TP, TN, FP, and FN across the classes. Before cal
culating its performance, the EF value was converted into categorical va
lues of normal (EF ≥ 50) and abnormal (EF < 50).

http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztac047#supplementary-data
http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztac047#supplementary-data
http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztac047#supplementary-data
http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztac047#supplementary-data
http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztac047#supplementary-data


Automated interpretation of stress echo reports                                                                                                                                       629

Construct validity of natural language 
processing algorithm
Construct validity is an evaluation of a programme’s or measures’ overall 
validity or generalization. It assesses how well a measure is supported by 
empirical evidence and theoretical patterns. Construct validity was exam
ined in terms of measurement correlations with other variables, as well as 
its ability to represent characteristics of the condition under investiga
tion.23 We applied the NLP algorithms to the study cohort and compared 
the patient characteristics (including HEART and Elixhauser scores) 
among the different SE results. We treat the SE result as a nominal variable 
rather than an ordinal variable. We compared the 30-day post-SE cardiac 
outcomes by the SE results. The descriptive cardiac outcomes included 

acute myocardial infarction (AMI), cardiac mortality, all-cause mortalities, 
and MACE rates (a composite of death, AMI, and coronary revasculariza
tion). We calculated P-values using the χ2 or the Fisher exact test for all the 
categorical variables and the Wilcoxon test for all the continuous vari
ables. The significance threshold was set at 0.05. SAS version 9.4 (SAS 
Institute, Cary, NC, USA) was used for data analysis.

Results
Out of 6651 SE reports in the study period, NLP identified 6346 
(95.4%) reports with interpretable overall results (Table 1). The 

Figure 1 Flowchart for selecting study participants.
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patients’ mean age was 63 ± 12 years; 54% were women, 59% were 
White, and 32% were Hispanic. Over 46% were obese, 42% had a 
smoking history, and 44% had a family history of CAD. Among the 
individuals with a HEART score, 15.8, 77.0, and 7.2% had low-, 
moderate-, and high-risk HEART scores, respectively. The majority 
(99.5%) of these patients had a troponin level ≤0.5 ng/mL and 83% 
had an undetectable troponin (<0.02 ng/mL). The numbers of is
chaemia, infarction, non-diagnostic, and normal SE results as identi
fied by NLP were 444 (7%), 367 (5.8%), 605 (9.5%), and 4 930 
(77.7%), respectively.

Criterion validity of natural language 
processing algorithm
The final reference standard includes 140 reports after excluding 10 
incomplete SE reports. We performed the criterion validity based on 
these 140 reports. The cardiologists had good agreements on most 
of the variables in the reference standard (Table 2). For the overall 
result, the Kappa and ICC results were 0.83 and 0.89, respectively. 
They disagreed more on ischaemic extent (Kappa 0.65, ICC 0.85), 
rest EF (Kappa 0.75; ICC 0.94), and stress EF (Kappa 0.76; ICC 0.73).

Compared with the reference standard created by the cardiol
ogists, NLP achieved 98.6% specificity and NPV, 95.7% sensitivity, 
PPV, and F-score on SE results using micro-averaged evaluation 
metrics (Table 3). Natural language processing achieved 100% sen
sitivity, 99.2% specificity, 96.9% PPV, 100% NPV, and 98.2% 
F-score on identifying ischaemia cases. Natural language process
ing had lower sensitivity, PPV, and F-score (85.7%) for infarction. 
For ischaemia extent, the micro-averaged scores were 98.6% 
(99.3%) for sensitivity, 100% (99.6%) for specificity, 99.3% 
(99.6%) for NPV, and 100% (99.3%) for PPV, and 99.3% (99.3%) 
for F-score. Natural language processing had perfect scores on 
the stress EF categories. For variables not included in the reference 
standard but validated in our prior studies,17,18 we also performed 
manual quality checks.

Construct validity of natural language 
processing algorithm
We performed the construct validity on the complete set of 6346 
reports abstracted by NLP. Exercise was the most common stres
sor accounting for 3793 (59.8%) of the studies. Chest pain or 
evaluation for ischaemia is the leading indication for the tests 

Figure 2 Diagram illustrates the natural language processing process on stress echocardiography reports. Natural language processing extracted 
commonly available information from the stress echocardiography reports. The extracted information was used to derive the final set of variables 
based on the clinical logic.
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Table 1 Patient characteristics by natural language processing-identified stress echocardiography results

Characteristic Ischaemia Infarction Non-diagnostics Normal P-value Total

n (%) 444 (7) 367 (5.8) 605 (9.5) 4930 (77.7) 6346 (100)

Age 64.5 ± 10.9 65.2 ± 12.7 62.3 ± 12.1 62.5 ± 12.5 <0.0001 62.8 ± 12.4

Female 166 (37.4) 144 (39.2) 343 (56.7) 2773 (56.2) <0.0001 3426 (54)
Hispanic 110 (24.8) 110 (30) 194 (32.1) 1583 (32.1) 0.02 1997 (31.5)

Race

White 291 (65.5) 225 (61.3) 347 (57.4) 2872 (58.3) 0.01 3735 (58.9)
Black 39 (8.8) 56 (15.3) 91 (15) 654 (13.3) 840 (13.2)

Asian 42 (9.5) 20 (5.4) 47 (7.8) 438 (8.9) 547 (8.6)

Alaska Native/Pacific Islander 11 (2.5) 3 (0.8) 8 (1.3) 98 (2) 120 (1.9)
Others 61 (13.7) 63 (17.2) 112 (18.5) 868 (17.6) 1104 (17.4)

Body mass index, kg/m2a

<18 2 (0.5) 1 (0.3) 3 (0.5) 31 (0.6) 0.01 37 (0.6)
≥18 and <25 84 (18.9) 69 (18.8) 103 (17) 915 (18.6) 1171 (18.5)

≥25 and <30 159 (35.8) 126 (34.3) 177 (29.3) 1639 (33.2) 2101 (33.1)

≥30 and <35 112 (25.2) 99 (27) 150 (24.8) 1234 (25) 1595 (25.1)
≥35 74 (16.7) 69 (18.8) 167 (27.6) 1020 (20.7) 1330 (21)

Missing 13 (2.9) 3 (0.8) 5 (0.8) 91 (1.8) 112 (1.8)

Smoking behaviour
Current/passive 36 (8.1) 31 (8.4) 69 (11.4) 334 (6.8) <0.0001 470 (7.4)

Former 187 (42.1) 159 (43.3) 202 (33.4) 1626 (33) 2174 (34.3)

Never 218 (49.1) 174 (47.4) 332 (54.9) 2893 (58.7) 3617 (57)
Missing 3 (0.7) 3 (0.8) 2 (0.3) 77 (1.6) 85 (1.3)

Family history of CAD 194 (43.7) 158 (43.1) 301 (49.8) 2113 (42.9) 0.02 2766 (43.6)

Elixhauser score 4.1 ± 2.8 5.5 ± 3.1 5.1 ± 3.1 3.8 ± 2.7 <0.0001 4.1 ± 2.8
Comorbidities

Atrial fibrillation 72 (16.2) 99 (27) 127 (21) 711 (14.4) <0.0001 1009 (15.9)

CHF 54 (12.2) 98 (26.7) 66 (10.9) 209 (4.2) <0.0001 427 (6.7)
CAD 213 (48) 197 (53.7) 186 (30.7) 962 (19.5) <0.0001 1558 (24.6)

Diabetes 182 (41) 146 (39.8) 276 (45.6) 1605 (32.6) <0.0001 2209 (34.8)

Essential hypertension 320 (72.1) 292 (79.6) 471 (77.9) 3213 (65.2) <0.0001 4296 (67.7)
Lipid disorderb 354 (79.7) 294 (80.1) 480 (79.3) 3564 (72.3) <0.0001 4692 (73.9)

Renal insufficiency 99 (22.3) 119 (32.4) 155 (25.6) 796 (16.1) <0.0001 1169 (18.4)

Stroke 15 (3.4) 20 (5.4) 26 (4.3) 139 (2.8) 0.0128 200 (3.2)
Medicationsc

ACEi/ARB 277 (62.4) 232 (63.2) 307 (50.7) 2228 (45.2) <0.0001 3044 (48)

Aldosterone 13 (2.9) 13 (3.5) 22 (3.6) 88 (1.8) 0.003 136 (2.1)
Beta blocker 331 (74.5) 224 (61) 323 (53.4) 1568 (31.8) <0.0001 2446 (38.5)

Calcium channel blockers 93 (20.9) 89 (24.3) 159 (26.3) 985 (20) 0.0014 1326 (20.9)

Diuretics 157 (35.4) 135 (36.8) 238 (39.3) 1443 (29.3) <0.0001 1973 (31.1)
Vasodilators 26 (5.9) 19 (5.2) 60 (9.9) 192 (3.9) <0.0001 297 (4.7)

Troponin, ng/mL 0.1 ± 0.22 0.0 + 0.04 0.0 ± 0.05 0.0 ± 0.08 <0.0001 0.0 ± 0.10

HEART score 5.2 ± 1.3 5.2 ± 1.3 4.8 ± 1.3 4.6 ± 1.3 <0.0001 4.7 ± 1.3
Low (0–3) 11 (2.5) 13 (3.5) 34 (5.6) 362 (7.3) <0.0001 420 (6.6)

Moderate (4–6) 132 (29.7) 120 (32.7) 212 (35) 1585 (32.2) 2049 (32.3)

High (≥7) 26 (5.9) 21 (5.7) 26 (4.3) 120 (2.4) 193 (3)
Missing 275 (61.9) 213 (58) 333 (55) 2863 (58.1) 3684 (58.1)

Values are mean ± SD or n (%) unless otherwise indicated. We calculated the P-values using the χ2 test for categorical variables and ANOVA for numerical variables. HEART indicates 
history, ECG, age, risk factors, and troponin. ACEi, angiotensin-converting enzyme inhibitor; ARB, angiotensin II receptor blockers; CHF, congestive heart failure; CAD, coronary 
artery disease; NLP, natural language processing. 
aBMI: the last measure before the ED encounter. 
bDyslipidaemia/Hyperlipidaemia. 
cMedication usage in the 90 days before the emergency department visits.
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(Table 4). There were no statistically significant associations be
tween test indications and SE results. Test reports indicated tech
nical difficulty in 17% of cases; additional testing was 
recommended for 3.5% of the tests. The proportions of tests 
with test variables documented in the reports were 98.6% (% of 
MPHR), 96.5% (maximum heart rate), 95.7% (resting EF), 88.6% 
(symptom), 84.1% (MRPP), 83.9% (maximum BP), 78.4% (reason 
for test termination), 65.4% (stress EF).

This study showed an excellent near-term prognostic value of SE 
(Figure 3). Using NLP-abstracted SE summary data, SE demonstrated 
a good ability to identify individuals at short-term cardiac risk. With 
worsening SE anomalies, there were significantly higher cardiac event 
rates. The study cohort’s overall 30-day incident rates were 0.8% for 
death/AMI and 2% for MACE (Table 5). The rates of 30-day death/ 
AMI and MACE increased by SE results from normal (0.3 and 
0.5%) to non-diagnostic (1.4 and 2.5%), infarction (0.8 and 1.5%), 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
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Table 2 Comparison of agreements between reviewers on abstracting the stress echo reports in the reference 
standard dataset

Variables Between two reviewers

ICCa (95% CI) Kappab (95% CI)

Test type 0.89 (0.86, 0.92) 0.89 (0.79–0.98)
Echo resultc 0.89 (0.84–0.82) 0.83 (0.74–0.91)

Ischaemic extent 0.85 (0.80–0.89) 0.65 (0.46–0.83)

Reached MPHR 0.94 (0.92–0.96) 0.90 (0.84–0.97)
Rest EFd 0.94 (0.92–0.95) 0.75 (0.63–0.87)

Stress EFd 0.73 (0.65–0.80) 0.76 (0.65–0.86)

For Kappa, a value of 0.6–0.79 was considered a moderate agreement; 0.8–0.9 a strong agreement; above 0.9 an almost perfect agreement.15 For ICC, a coefficient <0.4 was 
considered poor agreement; 0.4–0.59 was considered fair; 0.6–0.74 was considered good; and >0.75 was considered excellent.24 CI, confidence interval; EF, ejection fraction; 
ICC, intraclass correlation; Kappa, Cohen’s Kappa; NLP, natural language processing. 
aIntraclass correlation coefficient, ICC (2,1). 
bLinear weighted Cohen’s Kappa. 
cEcho result has four possible categories of value: ischaemia, infarction, non-diagnostics, and normal. 
dEjection fraction value was converted into categorical values of normal (≥50), and abnormal (<50).
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Table 3 Comparison of natural language processing to the reference standard (n = 140) on identifying the stress 
echocardiography results

Confusion matrix NLP

Reference standard Normal Non-diagnostic Infarction Ischaemia Total

Normal 86 1 1 1 89

Non-diagnostic 2 14 0 0 16

Infarction 1 0 6 0 7
Ischaemia 0 0 0 28 28

Total 89 15 7 29 140

Accuracy measurements (95% CI)

SE result TP TN FN FP Sensitivity Specificity PPV NPV F-score

Normala 86 48 3 3 96.6 (90.5–99.3) 94.1 (83.8–98.8) 96.6 (90.5–98.6) 94.1 (84.0–98.0) 96.6 (93.8–99.0)

Non-diagnostica 14 123 2 1 87.5 (61.7–98.5) 99.2 (95.6–100) 93.3 (66.3–99.0) 98.4 (94.4–99.6) 90.3 (75.0–100)

Infarctiona 6 132 1 1 85.7 (42.1–99.6) 99.3 (95.9–100) 85.7 (45.4–977) 99.3 (95.6–99.9) 85.7 (50.0–100)
Ischaemiaa 28 111 0 1 100 (87.7–100) 99.1 (95.1–100) 96.6 (79.9–99.5) 100 98.2 (93.6–100)

Micro-averagedb 134 414 6 6 95.7 (90.9–98.4) 98.6 (96.9–99.5) 95.7 (91.0–98.0) 98.6 (96.9–99.3) 95.7 (92.4–99.1)

CI, confidence interval; SE, myocardial perfusion imaging; NLP, natural language processing; FN, false negative; FP, false positive; TN, true negative; TP, true positive; NPV, negative 
predictive value; PPV, positive predictive value. 
aFor evaluation purposes, we dichotomized the SE result (e.g. infarction vs. non-infarction) in the confusion matrix to calculate the counts of TP, TN, FN, FP; and derive the 
performance metrics for each class. 
bThe SE result was evaluated using micro-averaging metrics, which were calculated based on the summarized counts of TP, TN, FN, and FP.
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and ischaemia (5.0 and 18.5%). Patients with ischaemia had a 17-fold 
increased 30-day death/AMI rates compared with patients with nor
mal SE.

Discussion
This study showed that NLP may be reliably used to classify SE find
ings and abstract variables that are often used in stress testing score 
models.25 This is the first study we are aware of that uses a 

computer-based method to abstract SE findings. We found that 
NLP could provide a coherent summary interpretation by synthesiz
ing the data elements presented in the reports. Compared with the 
cardiologists’ adjudicated reference standard, the NLP algorithm had 
high accuracy for criterion validity. We also performed construct val
idity of the NLP algorithm on the SE tests’ near-term cardiac out
comes. Ischaemia by SE was an independent predictor of future 
cardiac outcomes as reported by previous studies.5,26,27 Our 
NLP-derived SE final results had good differentiating power in iden
tifying patients at short-term cardiac risk, which is consistent with 
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Table 4 Stress echocardiography variables stratified by the final test results based on the natural language 
processing algorithm

Variable Ischaemia Infarction Non-diagnostics Normal Total

N (%) 444 (7.0) 367 (5.8) 605 (9.5) 4930 (77.7) 6346 (100)
Test type

Exercise 303 (68.2) 168 (45.8) 307 (50.7) 3015 (61.2) 3793 (59.8)

Dobutamine 141 (31.8) 199 (54.2) 298 (49.3) 1915 (38.8) 2553 (40.2)
Days between ED visit and SE 1.0 ± 1.5 1.0 ± 0.7 0.9 ± 0.9 0.8 ± 0.9 0.9 ± 0.9

Technically difficult 114 (25.7) 72 (19.6) 87 (14.4) 804 (16.3) 1077 (17.0)

Recommend additional test 17 (3.8) 26 (7.1) 113 (18.7) 68 (1.4) 224 (3.5)
Maximum BP 368 (82.9) 307 (83.7) 531 (87.8) 4116 (83.5) 5322 (83.9)

Mean ± SD 174.2 ± 26.6 167.4 ± 27.6 168.3 ± 28.9 174.3 ± 26.0 173.3 ± 26.5

Maximum HR 430 (96.8) 358 (97.5) 586 (96.9) 4747 (96.3) 6121 (96.5)
Mean ± SD 142.8 ± 20.9 139.8 ± 18.8 118.8 ± 20.1 149.5 ± 16.2 145.5 ± 19.4

% of MPHR 439 (98.9) 360 (98.1) 599 (99.0) 4856 (98.5) 6254 (98.6)

Mean ± SD 91.6 ± 13.1 89.9 ± 10.5 74.9 ± 11.3 94.7 ± 7.8 92.3 ± 10.6
MPHR (≥85%)a 352 (80.2) 295 (81.9) 40 (6.7) 4855 (100) 5542 (88.6)

MRPP 368 (82.9) 309 (84.2) 532 (87.9) 4125 (83.7) 5334 (84.1)

Mean ± SD 24 895 ± 5559 23 434 ± 5548 19 910 ± 4990 26 168 ± 5104 25 298 ± 5497
MRPP (≥25 000)a 188 (51.1) 116 (37.5) 78 (14.7) 2381 (57.7) 2763 (51.8)

EF (rest)

Abnormal 47 (10.6) 115 (31.3) 0 (0) 1 (0) 163 (2.6)
Normal 368 (82.9) 246 (67.0) 564 (93.2) 4733 (96.0) 5911 (93.1)

Missing 29 (6.5) 6 (1.6) 41 (6.8) 196 (4) 272 (4.3)

EF (stress)
Abnormal 51 (11.5) 30 (8.2) 4 (0.7) 8 (0.2) 93 (1.5)

Normal 173 (39.0) 222 (60.5) 381 (63) 3282 (66.6) 4058 (63.9)

Missing 220 (49.5) 115 (31.3) 220 (36.4) 1640 (33.3) 2195 (34.6)
Symptom

Abnormal 188 (42.3) 77 (21.0) 200 (33.1) 694 (14.1) 1159 (18.3)

Normal 169 (38.1) 260 (70.8) 365 (60.3) 3671 (74.5) 4465 (70.4)
Missing 87 (19.6) 30 (8.2) 40 (6.6) 565 (11.5) 722 (11.4)

Cardiac 66 (14.9) 20 (5.4) 104 (17.2) 121 (2.5) 311 (4.9)

Noncardiac 52 (11.7) 30 (8.2) 115 (19.0) 275 (5.6) 472 (7.4)
Endpoint 243 (54.7) 217 (59.1) 267 (44.1) 3467 (70.3) 4194 (66.1)

Missing 83 (18.7) 100 (27.2) 119 (19.7) 1067 (21.6) 1369 (21.6)

Not all NLP-abstracted variables were listed in this table. 
P-value was <0.0001 for all variables listed, except for ‘Days between ED visit and SE’ (P = 0.007). 
Ejection fraction was grouped into two categories based on the qualitative or quantitative documentation: 
• Abnormal: qualitative (mild, moderate, or severe abnormal) or quantitative (<50%). 
• Normal: qualitative (normal, hyperdynamic) or quantitative (≥50%). 
BP, blood pressure; ED, emergency department; EF, ejection fraction; HR, heart rate; MPHR, maximum predicted heart rate; MRPP, maximum rate pressure product; NLP, natural 
language processing. 
aThe denominators for MPHR (≥85%) and MRPP (≥25 000) were the numbers of reports with MPHR or MRPP.
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prior results. We intend to publish a more comprehensive construct 
validation study in the future, comparing patients’ characteristics, SE 
test variables, test modalities, and cardiac outcomes stratified by 
NLP’s results.

Quality of stress echo reports
While clinical societies have promoted quality improvement in cardio
vascular imaging reporting for more than a decade,9,28 the majority of 
echo reports is still in semi-structured or unstructured formats with 
many variations between different institutions.29 Our study found 
that, even in the same institution, there were substantial differences 
in the format and quality of SE reports. Stress echocardiography re
ports frequently contained ambiguous and hedging language, as illu
strated by the sample reports (Supplementary material online, 
Results S1–S4), making proper interpretation challenging.

In the year 2020, the American Society of Echocardiography pub
lished guidelines for SE performance, interpretation, and application 
in ischaemic heart disease.19 The guidelines made no mention of 
structured reporting, but they did provide recommendations for 
data items in SE reports. In this study, the data completeness of SE 
reports varies by the variables, from 65% to near 100%. In particular, 
only 65% of reports documented stress EF, which was a data element 
in the guidelines.19

Some variables were often implicitly stated. For instance, the new 
guidelines stated that interpretation must summarize the extent, sever
ity, location of wall motion abnormalities, and their correlation with 
coronary anatomy.19 However, in the community settings of this large 
healthcare system, most SE reports did not include explicit information 
about the extent and severity of wall motion abnormalities, which were 
often available in the MPI reports in our prior study.18 The NLP algo
rithm derived the ischaemic extent based on the involved segments, 
which were often described using vague, inconsistent, or non-standard 
terms (Supplementary material online, Result S1).

The abnormalities in the rest and stress tests were sometimes 
mentioned separately, with no clear final interpretation. In this study, 
only 175 out of 475 infarction cases were explicitly stated in the re
ports (Supplementary material online, Result S2). Critical information 
was sometimes documented in the ‘Findings’ section rather than the 
‘Conclusion’ section, which is often the only section read by the re
ferring providers.

Structured reporting may reduce but not eliminate the quality is
sues in the SE reports.30

Integrating automatic tools such as the NLP programme into clin
ical care could help identify reporting errors and quality gaps, which 
will help improve patient outcomes.31 The referring providers and 
primary care physicians perform risk assessments2 and relay results 
to patients after reading the SE reports.19,30 The echocardiography 

Figure 3 Cumulative event rate for cardiac death or acute myocardial infarction for patients who underwent stress echocardiography after emer
gency department visits (n = 6346). The horizontal line indicates the number of days since the index (emergency department) visit in the study co
hort who had complete stress echocardiography reports (n = 6346). The χ2 value from the log-rank test is 125.8 with a P-value < 0.0001.

http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztac047#supplementary-data
http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztac047#supplementary-data
http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztac047#supplementary-data
http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztac047#supplementary-data
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reports are not always well understood by non-cardiology provi
ders.32 Moreover, patients are also increasingly accessing their 
EMR and actively participating in treatment decisions. This NLP tech
nique could be used to provide test summaries in languages that gen
eral clinicians and patients can understand.

Potential usages of the natural language 
processing algorithm
Traditional SE reports, which are dictated or typed, are highly vari
able depending on physician (cardiologist) preferences and practices, 
making it challenging for referring physicians (e.g. non-cardiologists), 
researchers, or automated abstraction to understand the findings. 
Moreover, population-based studies of SE would typically be difficult 
to carry out due to the time and resources needed for manual chart 
review. This tool could create new opportunities for research and 
care improvement in several ways, including its ability to dramatically 
reduce the time required for chart review, as well as increase accur
acy through a more consistent approach to abstracting SE reports. 
Thus, this NLP algorithm could support large-scale research studies 
using real-world data, such as the cost-effectiveness and appropriate 
population of SE tests.

Natural language processing might also be used to create summar
ies for SE reporting that are easier for patients and referring physi
cians to understand. The referring and primary care physicians 
could benefit from important findings highlighted by NLP. A machine 
learning model could use NLP-derived data to aid in identifying and 
reducing future risks. We previously utilized NLP to identify patients 
with lower EF values from echocardiography records as part of a 
system-wide tracking and alarm programme that enhanced patient 
safety and filled therapy gaps.33 Similarly, this technology could lead 
to better medical care.

Study strengths and limitations
We validated our algorithm on a large and diverse population within an 
integrated care system with a comprehensive EMR. Furthermore, our 

prepaid health plan minimized the racial disparity in seeking medical 
care. The prepaid model, on the other hand, has no financial influence 
on the providers’ choices of noninvasive tests. Moreover, few studies 
have looked at the predictive value of SE in near-term cardiac events in 
patients referred from ED. Despite the low event rates, we were able 
to assess near-term outcomes due to the size of our study cohort.

Our study has some limitations. Stress echocardiography results 
were based on the reading physicians’ interpretations of the echo 
images. Variations in the accuracy of the test interpretation are ex
pected among physicians.19,20, We did not have the resources to val
idate the written SE reports by re-examining the SE images. 
However, the NLP-derived data could be used as the labelled data 
in developing an automated image recognition system based on ma
chine learning or deep learning. Furthermore, we limited our analyses 
using the overall interpretation since it is often the only information 
used in clinical decision-making by the referring providers. The other 
variables extracted by NLP could augment the SE results for a better 
outcome prediction. In the future, we may use statistical and machine 
learning methods to build a predictive model that offers better prog
nostic value than the overall interpretation. Moreover, while SE is 
used to assess a wide range of cardiac conditions, this study used 
the NLP method to identify IHD in ED populations. In the future, 
we may extend this NLP method to identify other cardiac conditions 
from the SE reports. Finally, although this study includes data from 15 
medical centres, the language and style of reporting can vary between 
institutions. Institutional changes to reader interpretation and re
porting could also occur. When a performance decline is noted, 
the algorithm may need to be retrained.

Conclusions
We developed and validated an automated NLP algorithm to ab
stract the conventional SE reports with high accuracy. It had near- 
perfect accuracy in identifying ischaemia results, which is the most 
critical data in the SE report.
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Table 5 The 30-day cardiac outcomes stratified by natural language processing-identified stress echocardiography 
results

Ischaemia Infarction Non-diagnostics Normal Total

N (%) 444 (7.0) 367 (5.8) 605 (9.5) 4930 (77.7) 6346 (100)
Unstable angina 41 (9.2) 2 (0.5) 11 (1.8) 25 (0.5) 79 (1.2)

MACE 82 (18.5) 9 (2.5) 9 (1.5) 25 (0.5) 125 (2)

AMI or all-cause death 22 (5.0) 5 (1.4) 5 (0.8) 17 (0.3) 49 (0.8)
AMI 22 (5) 4 (1.1) 5 (0.8) 15 (0.3) 46 (0.7)

All-cause death 0 (0) 1 (0.3) 0 (0) 2 (0) 3 (0)

AMI or cardiac death 22 (5.0) 5 (1.4) 5 (0.8) 17 (0.3) 49 (0.8)
Cardiac death 0 (0) 1 (0.3) 0 (0) 1 (0) 2 (0)

Revascularization 73 (16.4) 4 (1.1) 6 (1) 14 (0.3) 97 (1.5)

CABG 50 (11.3) 2 (0.5) 4 (0.7) 2 (0) 58 (0.9)
PCI 25 (5.6) 2 (0.5) 2 (0.3) 12 (0.2) 41 (0.6)

Data were presented as n (%). P-values were calculated using Fisher’s Exact Test. All P-values were <0.0001 for variables listed in this table, except for the 30-day death (P = 0.23). 
Revascularization includes CABG and PCI. AMI, acute myocardial infarction; CABG, coronary artery bypass grafting; MACE, major adverse cardiac events which include AMI, death, 
and coronary revascularization; PCI, percutaneous coronary intervention.
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