Electrocardiographic Sex Index: A Continuous Representation of Sex
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SI.1. ECG-AI Model Architecture and Computational Framework 

The WF dataset was split into three subsets: a training set (80%), a validation set (10%), and a holdout test set (10%). To prevent overfitting, the data split was performed at the patient level, ensuring that all ECGs from a same patient resided in the same subset. We employed a modified ResNet [1] architecture adapted for signal type data, ECG. The output layer consisted of two neurons, representing the binary classification of sex. A categorical cross-entropy loss function was employed, along with a dense layer activated by the softmax function as the penultimate layer. The Adam optimizer [2] was utilized to optimize the weights of the model, with default hyperparameters (learning_rate = 0.001, beta_1 = 0.9, beta_2 = 0.999), and a clipnorm of 1 as a regularizer. Additionally, a learning rate reduction strategy was employed, halving the learning rate if there was no improvement in validation loss for 15 consecutive epochs, with a minimum learning rate of 0.0001. Training process with a maximum epoch of 100 was stopped if there was no improvement in validation area under the receiver operating characteristics curve (AUC) for 30 consecutive epochs. The final model selected was based on the highest AUC achieved in the internal validation set. The final model was then implemented on hold out and external validation sets without any further tuning.

Model training was conducted with a batch size of 512 utilizing multiple GPUs (Tesla V100 x 3) for parallel computing, optimizing computational efficiency and reducing training time. The TensorFlow and Keras libraries in Python environment were used to build sex classification. Matlab 2023a was used for ESI calculation and machine learning model building. SPSS 29.0.2.0 was used for descriptive statistics and logistic regression.
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SI.2. Risk factor and clinical outcome definitions

Variables common in all three outcomes of interest.
· Sex. We used the sex entered into ECG machines during ECG recordings by ECG technicians. Binary sex variable was codes as 0 representing female and 1 representing male sex.
· Age. Age (years) at the time of ECG was used. In logistic regression model Age was divided to 10 representing odds ratios per 10 years of age.
· Race. Race was used as a binary variable 1 representing Black people and 0 for all others.
Variables Specific to corresponding clinical outcomes
· All cause mortality. All-cause mortality data were retrieved from WF EHR which includes both deaths occurred in-hospital as well as the mortality information received from North Carolina Death Index. Considering that WF also serves non-North Carolina residents, we also gather information from surrounding regions including states of Virginia, West Virginia, Tennessee, South Carolina, and Florida Death Indices.
· Heart Failure. Heart failure occurrence and its date was determined using ICD codes and their first occurrence documented in the EHR. The diagnostic codes for HF were classified in six categories including left ventricular failure (I50.1), systolic HF (I50.2), diastolic HF (I50.3), combined systolic and diastolic HF (I50.4), other HF (I50.8), and unspecified HF (I50.9). The subclassification of these main categories were also considered [3].
· Heart Rate. Heart rate variable was used as ventricular rate calculated by ECG machine for each index ECG. 
· Hypertension. Hypertension was determined based on ICD codes for Primary hypertension (I10), hypertensive heart disease without heart failure (I119), renovascular hypertension (I150), hypertension secondary to other renal disease (I151), hypertension secondary to endocrine disorders (I151), other secondary hypertension (I158), unspecified secondary hypertension (I159), hypertensive urgency (I160), hypertensive emergency (I161),  and unspecified hypertensive crisis (I169).
· Diabetes. Diabetes was determined based on ICD codes for diabetes mellitus due to underlying condition (E08),  Diabetes mellitus due to underlying condition (E09), Drug or chemical induced diabetes mellitus (E10), Type 1 diabetes mellitus (E11),  Type 2 diabetes mellitus (E12), Other specified diabetes mellitus (E13).
· Valvular Disease. Valvular disease was determined based on ICD coded for Rheumatic mitral valve diseases (I05), Rheumatic aortic valve diseases (I06), Rheumatic tricuspid valve diseases (I07),  Multiple valve diseases (I08) and their sub classifications.
· Coronary Artery Disease. Atherosclerotic heart disease of native coronary artery without angina pectoris (I25.10), Atherosclerotic heart disease of a native coronary artery with unstable angina pectoris (I25.110), Ischemic cardiomyopathy (I25.5), Silent myocardial ischemia (I25.6), Atherosclerosis of coronary artery bypass graft(s) and coronary artery of transplanted heart without angina pectoris (I25.700), Atherosclerosis of coronary artery bypass graft(s) and coronary artery of transplanted heart with unstable angina pectoris (I25.710), Atherosclerosis of coronary artery bypass graft(s) and coronary artery of transplanted heart with angina pectoris (I25.810), Chronic ischemic heart disease, unspecified (I25.9), Other forms of chronic ischemic heart disease (I25.89).
· Kidney Failure. Kidney failure was determined was initiation of dialysis (CPTs 90945, 90947, 90935, 90937, 90935, 90937, 90960, 90961, 90962, 90963, 90964, 90965, 90966) or kidney transplant (CPT 5569). 
· eGFR: We used CKD-EPI 2021 creatinine [4] formula for estimation of Glamourization filtration rate (eGFR) as given below:
 where Scr is serum creatinine, x is 0.7 for females and 0.9 for males, a1 is -0.241 for females and -0.302 for males, and d is 1.012 for females and 1 for males.
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