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Aims Among patients with acute pulmonary embolism (PE), rapid identification of those with highest clinical risk can help guide
life-saving treatment. However, current risk stratification algorithms involve a multistep process requiring physical exam,
imaging, and laboratory results. We investigated the utility of electrocardiogram (ECG) alone to rapidly identify patients
at elevated clinical risk by developing and validating a feature-based artificial intelligence (Al) model to predict clinical risk.

Methods Patients who were diagnosed with PE over a 9-year period, had an ECG within 1 day of presentation, and were evaluated by
and results our PE response team (PERT) were included. A feature-based random forest model was trained to predict the PERT team’s
risk stratification from the ECG alone. The ability of the model to predict the clinical risk categorization and the accuracy of
both risk stratification approaches in predicting mortality were examined on a holdout test set. Of the overall cohort of
1376 patients, 55% had a submassive (intermediate risk) or massive (high risk) PE, which were grouped together as ‘severe
PE’. The AI-ECG model was able to predict the clinical classification (low-risk vs. severe PE) with an AUC of 0.83 and F1
score of 0.78 in a holdout test set. A 30-day mortality and in-hospital mortality were significantly different between patients

classified by the model as low vs. elevated risk.

Conclusion Al-based analysis of 12-lead ECGs may provide a useful tool in the risk stratification of PE, allowing for rapid identification
and treatment of those at highest risk of adverse outcomes.
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Introduction

Acute pulmonary embolism (PE) carries a substantial risk of morbidity
and mortality, and early intervention in those at highest risk of clinical
deterioration can improve outcomes. However, many patients with
haemodynamically significant PE present with seemingly low acuity
symptoms, and identifying those at highest risk remains a challenge.
Current guidelines for assessment of PE risk call for assessment by a
pulmonary embolism response team (PERT) using a combination of
physical exam, laboratory, and imaging tools to best assess clinical
risk."

As patients with PE frequently present with chest pain or dyspnoea,
electrocardiograms (ECGs) are routinely obtained in these patients
very early in their clinical course. Electrocardiogram (ECG)-based ap-
proach for identifying PE has been previously described,** including
the classical STQ3T3 (the presence of an S wave in Lead |, and a Q
wave and inverted T-wave in Lead Ill) as well as anterolateral T-wave
inversions. However, these semiquantitative features individually have
limited clinical utility due to modest to low sensitivity and specificity.

The aim of our study was to build and evaluate a machine learning
(ML) model that can predict clinical risk stratification based on the
ECG alone. We hypothesized that the RV strain associated with severe
PE would lead to a discrete ECG signature that can be characterized
with the use of artificial intelligence (Al). To that end, we used data
from a cohort of patients seen by the PERT at our institution over a
period of 9 years to train and validate a feature-based predictive model
and compared the accuracy of our Al-based ECG model with clinical
risk stratification in predicting mortality.

Al-ECG can accurately identify
patients with severe PE
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Methods

Study population and data sources

This was a retrospective study of patients diagnosed with PE who were
seen by the PERT at UPMC Presbyterian Hospital from 1 August 2014
to 15 August 2023. UPMC Presbyterian is a tertiary/quaternary care med-
ical centre in Pittsburgh, PA, USA, that provides comprehensive medical and
interventional management of PE including catheter-directed thrombolysis,
catheter-based aspiration embolectomy, surgical embolectomy, and extra-
corporeal membrane oxygenation (ECMO); UPMC is a PERT Consortium
Certified PE Center of Excellence. Patients evaluated by the PERT were
identified through an internal PERT team database. Included patients
were evaluated by the on-call PERT consultants—a pulmonary/critical
care medicine fellow and attending physician—uvia in-person or electronic
consultation.

At the time of PERT evaluation, patients were classified as low-risk,
intermediate-risk (submassive), or high-risk (massive) based on clinical
practice guidelines. Further stratification of intermediate-risk patients into
low-intermediate and high-intermediate risk categories was not routinely
documented in the PERT database. For the analysis in this study, patients
with submassive or massive PE were collectively classified as ‘severe PE’,
in contrast to those felt to have low-risk PE, as those with elevated risk
may be the ones benefiting from procedural intervention for PE.

Patients who were diagnosed with PE more than 1 day after hospital ad-
mission were excluded. In addition, patients who were transferred to our
facility from an outside hospital were excluded unless the primary diagnosis
for transfer was acute PE, other venous embolism, or obstetric thrombo-
embolism. All ECGs obtained within 1 day of PE diagnosis were identified
with the GE MUSE ECG management system, and if multiple ECGs had
been performed, the earliest ECG on the day of diagnosis was utilized.
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Patients without an ECG within 1 day of PE diagnosis were excluded. All
ECGs were acquired as digital 12-lead, 10 s tracings using GE MAC55 or
VU360 machines. Electrocardiogram waveforms for the eight linearly inde-
pendent leads (I, Il, V1-V6) were exported from the GE MUSE system in
XML format for analysis.

Patient demographics, clinical comorbidities, and clinical outcomes were
obtained from the UPMC Clinical Analytics group’s clinical data warehouse,
which includes inpatient and outpatient records from 20 UPMC hospitals
and associated clinics, including all UPMC sites in southwestern
Pennsylvania. Clinical outcomes were censored in March 2024 to ensure
a minimum of 6 months of follow-up for all included patients. Mortality
data in the clinical data warehouse incorporate both electronic health re-
cord documented mortality and data from the social security death index.

Electrocardiogram processing and feature
selection

ECGs were filtered at the time of clinical acquisition with a high-pass filter
cut-off of 0.05, 0.16, or rarely 0.56 Hz, and a low-pass filter cut-off of 100 or
150 Hz. At the time of analysis, all ECGs were filtered with a low-pass filter
at 100 Hz, a high-pass filter at 0.5 Hz, and a 60 Hz powerline notch filter.
Noise and ectopic beats were identified and removed. A median beat
was then computed for each ECG. Each non-ectopic beat and the median
beat were segmented into traditional waveform segments. As previously
described,” a total of 419 spatio-temporal features were then computed
from each ECG. These features include global and lead-specific ECG seg-
ment durations, intervals, amplitudes, and areas; ratios of waveform eigen-
values; and vectorcardiographic axes, angles, loops, and gradients.

Included patients were split into training and test sets in a 70/30 split.
Further feature selection was performed only on the training set to prevent
train—test leakage. Highly collinear feature-pairs, with a Spearman rank cor-
relation coefficient of >0.9, were then identified, and one feature from each
pair was removed from the feature set, resulting in 312 remaining features.
A Benjamini—-Hochberg procedure® was then performed with a false discov-
ery rate of 5% and identified 140 features that met criteria for significance.
The resulting feature set was considered the ‘full’ feature set. Forward se-
quential feature selection was then performed using a random forest estima-
tor to identify the 30 or 60 best features using five-fold cross-validation. Both
the 30-feature and 60-feature subsets outperformed the full 140-feature set
with respect to AUC. In addition, the 60-feature set had slightly higher AUC,
higher average precision, and the highest cross-validation F1 score both be-
fore and after model tuning, so the 60-feature set was used for further mod-
el development (see Supplementary material online, Table ST7). All variables
were z-score normalized.

Model development

Five different ML model types were evaluated on the training set using
stratified five-fold cross-validation. The average area under the receiver op-
erator curve (AUC) and the average precision during cross-validation were
comparable amongst the random forest classifier, light gradient boosting
machine, and support vector machine with radial basis function kernel,
and lower with a multi-layer perceptron classifier and logistic regression.

Given comparable performance and our group’s prior work with ran-
dom forests,7 a random forest classifier was selected for further optimiza-
tion. Model tuning was performed via random grid search using stratified
five-fold cross-validation to optimize AUC. Prediction thresholds were de-
termined by training the model with four folds and selecting the threshold
that optimizes F1 score on the holdout fold. The five resulting thresholds
were then averaged to determine the threshold to be used for testing.
The selected decision threshold was 0.39

Model evaluation

The resulting model was evaluated on the holdout test set. The model pre-
diction was deemed elevated risk when the model output was greater than
the threshold determined on the training set. The most informative features
in determining the predicted outcome were computed using Shapley addi-
tive explanations (SHAP).2 In addition, the average ECGs for all patients
with predicted low risk and with predicted elevated risk were determined
by excluding all patients with atrial fibrillation, aligning all ECG median beats

to the peak of the QRS complex, and computing the average waveform
within each group.

To compare Al-ECG model performance with existing ECG-based tools
for assessing PE, the S1Q3T3 score and Daniel score’ were calculated using
the features already computed for each ECG. The S1Q3T3 score was com-
puted by assigning one point for each present feature; the Daniel score was
computed as previously described.”'® The receiver operating and
precision-recall curves were then plotted for the random forest classifier
and the S1Q3T3 and Daniel scores.

Statistical methods

Continuous data are presented as mean =+ standard deviation and were
compared between groups with a Student’s t-test. Categorical data are re-
ported as frequency with percentage and were compared using the y* test.
The AUC:s of different models were compared using DeLong’s test. Survival
curves are presented as Kaplan—Meier survival curves and compared using
the log rank test. Unadjusted hazard ratio of an elevated risk prediction was
calculated using the univariable Cox proportional hazards model. All ana-
lyses were performed in Python using the sci-kit learn, SHAP, PyCaret,
and Lifelines packages.

This research study was reviewed by the University of Pittsburgh
Institutional Review Board (IRB) and deemed exempt. The IRB waived
the need for informed consent, given the observational nature of the study.
This study is reported in accordance with the TRIPOD + Al reporting
guidelines.

Results

Patient characteristics

A total of 2914 patients were evaluated by the PERT during the 9-year
period examined in this study. Figure 1 shows the flowchart of patient
inclusion. Following exclusion criteria, a total of 1376 patients were in-
cluded in the patient cohort used for model development and valid-
ation. Of these, 55% had a severe PE, and 45% had a low-risk PE.

Table 1 shows the baseline characteristics of the study population.
Patients with low-risk PE were younger than those with severe PE
(57 + 18 years vs. 62 + 16 years, P < 0.01) and more likely to be male
(46.3% female in low-risk PE vs. 52.3% female in severe PE). Patients
in both groups had comparable comorbidity profiles, as assessed by
the Elixhauser-based van Walraven scores (2.4 +5.2 in low-risk PE
vs. 2.3 £ 4.7 in severe PE).

Model performance

The final AI-ECG model had a cross-validation AUC of 0.80 and an
average precision of 0.82. When tested on the holdout test set, the
Al-ECG model demonstrated stable AUC of 0.80 and average precision
of 0.85 (Figure 2, blue line). At the selected operating point (Figure 2,
blue diamond), the AI-ECG demonstrated accuracy of 0.72, precision
(positive predictive value) of 0.70, negative predictive value of 0.76,
and recall (sensitivity) of 0.88, with an F1 score of 0.78. Of note, the spe-
cificity of the model was modest at 0.51 indicating a high false-positive
rate. An Al-ECG prediction of elevated risk carried an odds ratio of 7.6
(4.6-12.4) of being clinically classified as a severe PE.

The top 20 features driving AI-ECG prediction on the test set are
shown in Figure 3. These include several traditionally regarded markers
of PE and PE severity as well as several novel markers. To better under-
stand the ECG phenotype that the AI-ECG model identified as elevated
risk, the average ECG waveform for patients predicted to be of ele-
vated risk and low risk is shown in Figure 4. Qualitatively, ECGs from
patients with predicted elevated risk showed an S wave in Lead |; a
Qs pattern in Lead lll; T-wave inversions in Leads Ill, avF, and V1-V3;
and T-wave flattening in Leads Il and V4-Vé. In addition, predicted ele-
vated risk ECGs had a delayed QRS transition across the precordium.
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Figure 1 Patient inclusion flowchart showing inclusion/exclusion criteria for subjects in the study. PE, pulmonary embolism; OSH, outside hospital;

ECG, electrocardiogram.

Table 1 Baseline characteristics of included patients

Low-risk PE
(n=617)

Demographics

Age, years [mean (SD)]
Women

Race: Black

Medical history

van Walraven score
Coronary artery disease
Diabetes mellitus
Hypertension

Heart failure

Atrial fibrillation
Asthma

Obstructive lung disease
Chronic kidney disease
Obesity

Malignancy

Current/recent tobacco use

Clinical course
ICU stay*
Primary PE diagnosis

57 (18)
46.30%
19.94%

24 (52)
10.19%
14.76%
38.46%
5.82%
3.53%
22.87%
6.65%
457%
14.97%
11.40%
15.70%

31.76%
46.07%

Severe PE SMD
(n=759)
62 (16) 0.27
52.30% 0.12
15.94% 0.10

2.3 (47) 003

9.04% 0.04
14.91% 0.01
41.21% 0.06

4.52% 0.06

5.53% 0.10
21.44% 0.03

8.04% 0.05

5.19% 0.03
18.59% 0.10
12.40% 0.03
10.80% 0.14
77.70% 1.04
77.68% 0.61

Variables are summarized as percentage or as mean (standard deviation) as appropriate.
Note that ICU stay includes patients in the ICU at the time of their PE diagnosis.
ICU, intensive care unit; SMD, standardized mean difference.

Al-ECG performance on the test set was compared with the
S1Q3T3 and Daniel scores. The tuned random forest classifier’s
AUC of 0.80 outperformed the S1Q3T3 (AUC =0.66, P <0.01 by
Delong’s test) and the Daniel score (AUC 0.69, P < 0.01) (Figure 2).

Of the 411 patients in the test set for whom clinical outcomes were
available (out of 413), 36 (8.8%) died during the index hospitalization
and 45 (10.9%) died within 30 days. A 30-day mortality was comparable
between patients classified by the PERT team as severe PE and low-risk
PE (11.6% vs. 10.1%, P = 0.34) (Figure 5, top panel). In contrast, 5.1% of
patients identified by the AI-ECG model as predicted low risk died
within 30 days, compared with 13.3% of those identified as elevated
risk (P < 0.01; Figure 5, bottom panel). AI-ECG elevated risk prediction
carried an unadjusted hazard ratio for all-cause mortality of 2.21 [95%
confidence interval (Cl): 1.33-3.67]. The in-hospital mortality rate was
2.5% in those the model predicted as low risk compared with 11.3% in
those the model deemed elevated risk. An elevated risk prediction car-
ries an odds ratio for in-hospital mortality of 4.87 (95% Cl: 1.46-16.19),
higher than that reported for any single ECG finding in a recent review.*

Discussion

In this study, we present a novel AI-ECG model developed to classify
the haemodynamic risk of PE, as assessed by a pulmonary disease spe-
cialist equipped with comprehensive clinical history, imaging, and la-
boratory data. We demonstrate that the ECG-based model can
accurately identify patients with severe PE (AUC 0.84, 71.9% accuracy).
It outperforms both the S1Q3T3 criteria (AUC 0.66) and the Daniel
score (AUC 0.69).

The accurate and timely risk stratification of patients with acute PE is
crucial for guiding clinical decision-making and optimizing patient out-
comes. PE can present with a wide spectrum of clinical severity, from
asymptomatic to mild dyspnoea to haemodynamic collapse; however,
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ROC Curve for PE Risk Stratification
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Figure 2 AI-ECG model outperforms existing ECG-based PE scores in identifying patients with severe PE. At the selected operating point (blue
diamond), AI-ECG had an accuracy of 72% and F1 score of 78%.
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Figure 3 SHAP analysis reveals the ECG features that drove model predictions. The top features include both previously known and novel predictors
of severe PE. SHAP, Shapley additive explanations.
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Figure 4 Comparison of average ECG median beat waveforms in patients with AI-ECG predicted elevated risk (blue) vs. AI-ECG predicted low risk

(green). ECGs with atrial fibrillation were excluded from averaging.

even patients who present with low acuity symptoms can quickly de-
compensate if not treated quickly. As such, identifying patients at the
highest risk of adverse events allows for targeted interventions such
as anticoagulation, thrombolysis, catheter-directed therapies, and em-
bolectomy. Conversely, accurately identifying lower-risk individuals
may facilitate shorter hospital stays or outpatient management, redu-
cing healthcare costs and unnecessary utilization.

Several clinical factors are known to be associated with high risk of
adverse outcomes. These include physical exam findings like hypoten-
sion, tachycardia, hypoxia, and signs of right ventricular failure'"; labora-
tory tests including elevated brain natriuretic peptide (BNP) and
elevated troponin levels'>'®; and imaging findings of right ventricular
dysfunction by computed tomography (CT) or echocardiography.
The pulmonary embolism severity index (PESI) and the later simplified
PESI (sPESI) scores'*'® aggregate several of these factors to stratify pa-
tients by risk of 30-day mortality. However, these scores fail to identify
patients who have seemingly normal haemodynamics but progressive
right ventricular dysfunction. Current clinical practice guidelines recom-
mend a multistep risk stratification algorithm that first identifies those
with clinical instability as ‘massive’ or ‘high-risk’ and then uses a combin-
ation of PESI/sPESI score, biomarkers of myocardial injury or heart fail-
ure, and RV dysfunction on cardiac imaging to classify patients as ‘low
risk’ or ‘intermediate risk’ (previously termed ‘submassive’ and now
subdivided into ‘intermediate-low risk’ and ‘intermediate-high risk‘).1'2

The imaging and laboratory testing required to make this distinction
may not always be easily or quickly available, which can delay appropri-
ate diagnosis and care. In addition, the expertise of a PERT is not avail-
able in many settings to perform rigorous risk stratification. In contrast,
electrocardiography (ECG) is widely available in most care settings,

including pre-hospital, and a 12-lead ECG can be obtained within min-
utes. A number of ECG parameters correlated with PE severity and
right ventricular dysfunction have been previously described. The
S1Q3T3 pattern has been historically associated with PE but has low
sensitivity. The Daniel score combines the S1TQ3T3 pattern with tachy-
cardia, right bundle branch block, and anterior T-wave inversion and has
been shown to correlate with pulmonary artery pressure,” lung perfu-
sion defects,'® and right ventricular hypokinesis.'® Further studies have
identified additional ECG features with prognostic significance.>* While
empirically derived scores like the Daniel score can help with clinical
prognostication, ML and Al models provide a more sensitive approach
to considering all aspects of the ECG to optimize risk stratification.
Al-ECG approaches to identifying patients with any PE have previously
been described,”"? but these tools provide limited insight into the
haemodynamic significance of the identified PE.

One key advantage of our feature-based AI-ECG model is the ability
to examine the contribution of specific features towards model predic-
tion. The features that most influenced the model’s classification of PE
risk included both traditional and novel ECG markers of PE. The feature
of highest importance was the concavity of the ST segment in the an-
terior leads, which reflects both the direction and amplitude of the an-
terior T waves and the shape of the ST segment. Other
model-identified key features that have previously been noted to pre-
dict outcomes include lateral S wave (traditionally in Lead I, but in
Lead V6 in the model) and T-wave amplitude in Lead lll. In addition
to these, the model identified QTC prolongation as a predictor of se-
vere PE, which is not captured in existing ECG-based risk scores but has
previously been r‘epor‘ted.zo'21 Other model-selected parameters in-
cluded QRS amplitude in lead V4, which is consistent with a delayed
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30-day Survival by Clinical and Model Risk Stratification
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Figure 5 AI-ECG outperforms clinical risk assessment in predicting 30-day mortality. A 30-day mortality was comparable between those identified as
low-risk PE and severe PE by the clinical PERT (top panel), but patients with AI-ECG predicted elevated risk had a significantly higher 30-day mortality

than those with AI-ECG predicted low risk (bottom panel).

precordial QRS transition and has previously been described as ‘clock-
wise rotation’,” as well as the spatial ventricular gradient as measured
by vectorcardiography, which was recently described in association
with adverse PE outcomes.”

While our AI-ECG model was trained to predict clinical risk strati-
fication, we also examined its performance on classifying clinical out-
comes. Interestingly, the clinical PERT’s traditional risk stratification
did not predict clinical outcomes, with comparable 30-day mortality
between low-risk PE and severe PE patients. This is likely due to refer-
ral bias in the low-risk PE group, as the PERT is usually not involved in
the care of stable PE patients with few comorbidities who are felt to
be at low risk by the treating providers. Indeed, of the low-risk PE pa-
tients in the test cohort, only 55% had a primary discharge diagnosis
related to PE, compared with 82% of severe PE patients, suggesting
that the low-risk PE patients in our cohort had incidental or secondary
pulmonary emboli. As such, patients in the low-risk PE group may
have been accurately classified by the PERT clinicians as having a lower
clinical risk of PE-related adverse outcomes but had overall higher risk
of adverse outcomes due to their other illnesses, which most com-
monly include sepsis, stroke, COVID infection, malignancy, acute
myocardial infarction (MI), lower extremity fracture, and intracranial
injury. Despite this, the model’s prediction successfully identifies a
group with higher risk of in-hospital and 30-day mortality. This may
be due to the model identifying more subtle evidence of PE related
to haemodynamic changes or because the model identifies signals
consistent with overall clinical illness. This is consistent with the mod-
el’s modest specificity as the high false-positive rate is likely due to pa-
tients with low PE-related risk who were classified by the model as
having a higher-risk phenotype due to visually imperceptible ECG
markers of overall illness.

The high sensitivity of our model (0.88) is balanced by its relatively mo-
dest specificity (0.51). However, in a population with imaging-confirmed
PE, this strikes a clinically reasonable balance in ensuring that patients
with severe PE are rapidly identified at the expense of over-estimating
the risk of some low-risk PE patients. We propose that this model
can be used in conjunction with the traditional risk stratification ap-
proach to rapidly deliver care to patients at highest risk. Early identi-
fication of patients at the highest risk could allow for escalation of
care to an intensive care unit (ICU), coordination of urgent echocar-
diography, and activation of the PERT team for consideration of
interventional therapies. All patients with PE require anticoagulation,
so the risks associated with these interventions for a ‘false-positive’
are relatively minimal.

There are limitations to this work. First, it uses data from a single cen-
tre and only includes patients who were evaluated by the PERT.
Because patients with low-risk PE are less likely to have the PERT
team consulted and because patients with severe PE are more likely
to be transferred to a tertiary care centre such as ours, this introduces
referral bias into the cohort as noted previously. In addition, the cohort
was limited to patients diagnosed with PE within 1 day of hospital ad-
mission, or transferred for PE, and exclusion of PEs diagnosed while in-
hospital may limit applicability of the resulting risk stratification. Third,
we grouped massive/high-risk and submassive/intermediate-risk PE into
a single group given the small number of massive PE patients; however,
massive PE patients are clinically unstable at presentation and may have
more dramatic ECG findings.

While our AI-ECG algorithm demonstrated strong performance in a
selected cohort of PE patients evaluated by the PERT team, future work
is necessary to assess its generalizability in an unselected, real-world
population. In addition, prospective evaluation in this broader clinical
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context will allow us to determine how AI-ECG risk stratification can
be integrated with traditional markers of high clinical risk to best inform
management decisions in patients with acute PE.

Overall, this study demonstrates that a feature-based AI-ECG model
can accurately risk stratify patients with PE when compared with the
clinical PERT team classification and can outperform the clinical classi-
fication in predicting short-term mortality. This model could serve as an
important adjunctive tool for clinical risk stratification, by combining
traditional and non-traditional ECG markers of PE risk into a single
score to augment traditional metrics of PE risk, particularly at sites with-
out PERT expertise.
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