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Research question: Is deep learning interpretation of the 12-lead ECG associated with pulmonary hypertension in patients at UCSF who have undergone right heart catheterization?


Specific aims

1. Train a deep learning model to predict pulmonary hypertension from the 12-lead ECG
2. Evaluate the deep learning model on an independent test cohort of patients who have undergone right heart catheterization
3. Compare the predictive performance of the deep learning ECG model to Doppler echocardiography and other clinical factors associated with pulmonary hypertension


Significance

What is known: Pulmonary hypertension is a serious lung disease that affects an estimated 1% of the global population and carries significant symptomatic burden as well as increase in mortality1. However, pulmonary hypertension presents with nonspecific symptoms and is challenging to diagnose early in its disease course, which then leads to delay in appropriate treatment. Currently, the diagnostic gold standard for pulmonary hypertension is right-heart catheterization. However, more commonly, non-invasive screening with transthoracic echocardiography is first recommended prior to right heart catheterization2. Echocardiography allows for visualization of right-sided cardiac structural changes associated with pulmonary hypertension. Doppler echocardiography can be used to estimate systolic pulmonary artery pressures, with good correlation with pressures obtained by right heart catheterization3,4. Certain high-risk patient groups may benefit from routine asymptomatic screening for pulmonary hypertension, such as patients with connective tissue disease or patients with HIV, and adequate screening methods for pulmonary hypertension are needed.

What is unknown: Though echocardiography is a feasible means to estimate pulmonary hypertension, there is some evidence that questions its accuracy5, and echocardiography requires a skilled technician and interpretation of the study. A simpler and more cost-effective way to detect pulmonary hypertension would facilitate its diagnosis. The 12-lead electrocardiogram is an inexpensive, ubiquitous tool that also may have manifestations of pulmonary hypertension, with signs of right heart strain and dilation6,7. Deep learning interpretation of the ECG has recently been an exciting avenue of research through machine detection of complex and subtle ECG features that are not apparent to clinician interpretation. When trained from large datasets, deep learning has shown the ability to accurately diagnose conditions that were previously not reliably detected on ECG, such as asymptomatic left ventricular dysfunction8, detection of paroxysmal atrial fibrillation in sinus rhythm ECGs9, and hyperkalemia10. 

Unknown that this study will answer: In this study, we aim to investigate whether deep learning interpretation of the 12-lead ECG can be used to predict and screen for pulmonary hypertension. Using ECGs from patients at UCSF who have undergone right heart catheterization, we will train a deep learning model to predict a diagnosis of pulmonary hypertension based on the 12-lead ECG. We will then evaluate its diagnostic accuracy and compare its diagnostic accuracy to right ventricular systolic pressure estimation from echocardiography.

Methods

Overview of study design

This will be a retrospective cohort study of patients at UCSF who have undergone right heart catheterization for any purpose.

Subjects

[bookmark: _Hlk83752925]The target population for this study is any patient that may be suspected of having pulmonary hypertension. The accessible population is patients at UCSF who have had a right heart catheterization and digital 12-lead ECG near the time of right heart catheterization. The study population is adult patients at UCSF who have had a right heart catheterization and digital 12-lead ECG near the time of right heart catheterization who meet our inclusion criteria.

Inclusion criteria will include adults (≥18 years old) who have received a right heart catheterization and have a corresponding ECG within 1 month of the right heart catheterization (to ensure that the ECG is reflective of the physiologic state of the patient when undergoing catheterization). 

Exclusion criteria will be children (to limit congenital pathology), history of congenital heart disease (to limit the presence of ECGs with substantial abnormalities that would be rare in the target population), history of valvular surgery (to limit ECG abnormalities induced by cardiac surgery), and presence of permanent pacemaker (to limit electrophysiologic abnormalities on ECG that are induced by devices). 

Study participants will be obtained from a retrospective database query to identify all patients that meet the above inclusion criteria. In the instance of multiple ECGs, the ECG performed nearest to the right heart catheterization will be used. 

These selection criteria will have important implications for the generalizability of this study. We will be excluding a significant subset of patients who are at high risk for pulmonary hypertension (patients with congenital heart and lung disease, subset of patients with structural heart disease, and many patients with cardiac conduction disease). We are also developing a model only using patients from the UCSF healthcare system. An important consideration for artificial intelligence models is whether these models are generalizable to patient populations and digital data structures from other healthcare systems, and the lack of patients from an external healthcare system is a significant limitation in this study.

The study population will also be affected by dataset partitioning used for machine learning training and testing. 80% of the study population will be randomly allocated to the “training set,” which will be used to develop and train the deep learning model. The trained model will then be independently evaluated on the remaining 20% of the study population, termed the “testing set.”

Measurements

The primary predictor variable for this study is deep learning interpretation of the 12-lead ECG, generated by a model that has been trained to predict pulmonary hypertension from 12-lead ECG using the training dataset. For a given ECG, the deep learning model will generate an output between 0 and 1, corresponding to the probability of pulmonary hypertension. 

The primary outcome variable is presence of pulmonary hypertension, defined by mean pulmonary artery pressure ≥ 25 mm Hg on right heart catheterization. 

Secondary outcomes will include World Health Organization classification of pulmonary hypertension (Group 1, Group 2, Group 3, Group 4, or Group 5)2, presence of pre-capillary hypertension (defined as mean pulmonary artery pressure ≥ 25 mm Hg, pulmonary capillary wedge pressure ≤ 15 mm Hg, and pulmonary vascular resistance ≥ 3 Woods units)11, and right ventricular systolic pressure measured on transthoracic echocardiography.

Sample Size


The null hypothesis that deep learning interpretation of the 12-lead ECG is not associated with the presence of pulmonary hypertension as diagnosed on right heart catheterization. 

To estimate desired sample size, we use the t-test. We estimate effect size as 0.1, with anticipated approximation that the mean deep learning prediction probability in those with pulmonary hypertension is 0.55 and those without is 0.45. We estimate the standard deviation as 0.25, derived from 25% of the range of output (0 to 1). The standardized effect size of 0.4. We estimate a two-tailed alpha of 0.05, and beta of 0.2. Using the t-test, the estimated sample size required to achieve a power of 0.8 is at least 100 patients both with and without pulmonary hypertension. This will be requisite sample size of the testing set, which will be comprised of only 20% of the study population, as 80% of the study population will be used to train the deep learning model. Therefore, we can estimate that the overall required sample size will be at least 500 patients with and without pulmonary hypertension. 

Statistics

In the proposed study, the predictor variable is a continuous variable, and the primary outcome variable is dichotomous. The primary statistical test used at the end of study will be a logistic regression for our primary comparison. In addition to logistic regression, we will also calculate the area under the receiver operator characteristic curve to assess the diagnostic performance of the deep learning algorithm.

Enhancing Statistical Inference

There are several potential confounding variables associated with both the deep learning interpretation of the ECG and presence of pulmonary hypertension. Important to consider are presence of diseases associated with WHO Group 1 pulmonary hypertension (HIV, connective tissue disease, cirrhosis, stimulant use), presence of left-sided heart disease (WHO Group 2 pulmonary hypertension), presence of primary lung disease (WHO Group 3 pulmonary hypertension), history of pulmonary embolism or deep vein thrombosis (association with WHO Group 4 pulmonary hypertension), BMI, smoking status, and medications used to treat Group 1 pulmonary hypertension (calcium channel blockers, phosphodiesterase-5 inhibitors. 

To adjust for these confounders, we will construct a multivariable logistic regression including deep learning algorithm output as a predictor variable along with the potential confounding variables. We will also use subgroup analysis to examine the association between the deep learning interpretation of the 12-lead ECG and presence of pulmonary hypertension stratified within each of the WHO groups of pulmonary hypertension, to see if the model performs differentially for different classes of pulmonary hypertension. 
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