
Supplement

1 Background

The existing models primarily use machine learning techniques, and deep learning-
based early fusion architecture for clinical predictions. For instance, the research study
conducted by Pablo Juan-Salvadores et al. [1] focused on predicting MACE for patients
who underwent coronary anatomy assessment with a long-term prognosis of 1 year. The
study revealed that Random Forest (RF) outperformed other machine learning models
(AUROC 0.8), achieving a significantly better performance. Similarly, Yijiang Zhou
et al. and Jinwan Wang et al. have employed ML models to address MACE prediction
for patients receiving PCI [2, 3]. Yijiang Zhou et al. devised an ensemble model that
combines the capabilities of four ML models namely XGBoost, a light gradient boost-
ing machine, a support vector machine (SVM), and a neural network and achieved
an AUROC score of 0.74 [2]. Jinwan Wang et al. utilized parameters from EHR data
obtained from a retrospective study involving 1004 patients who underwent coronary
revascularization for 6-month MACE prediction and reported that the XGBoost algo-
rithm demonstrates the highest AUROC score of 0.8599 [3]. In the case of coronary
heart disease (CHD) risk prediction, Juan Jose Beunza et al. [4] reported that the
neural network model and SVM model resulted in the highest AUROC score (0.71
and 0.75, respectively). However, only EHR data (i.e. data from a single modality)
was considered in these studies.

The research conducted by Micah Liam Arthur Heldeweg et al. [5] focused on the
30-day MACE prediction by employing a multivariable logistic regression algorithm
trained with multimodal data, including ECG readings, vital signs, and demographic
information. Notably, an early fusion technique was utilized to handle the integra-
tion of information from multiple modalities effectively. Similarly, Jiandong Zhou et
al. [6] investigated the prediction of stroke, atrial fibrillation (AF), cardiovascular
(CV) mortality, and all-cause mortality using machine learning models by leveraging
early fusion of multimodal data comprising ECG and EHR data. The findings high-
lighted XGBoost as the most effective algorithm, achieving an AUROC score of 0.80
for stroke prediction, 0.82 for AF prediction, 0.595 for CV mortality prediction, and
0.766 for all-cause mortality prediction. However, it should be noted that the early
fusion technique generates a spare high-dimensional feature representation by combin-
ing the features from different modalities and assumes that there exists a fundamental
alignment between the input features from different modalities.

In the context of post-PCI prognosis, we propose a deep learning-based joint fusion
model to predict adverse cardiovascular outcomes using two data modalities (ECG
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captured as 2D image and EHR). Joint-fusion architecture with Convolutional Block
Attention Module (CBAM) can propagate the loss directly from the prediction layer to
the multimodal parallel feature extraction layers which allows optimization of focused
co-learning between image and EHR, enhancing the integration of information from
multiple sources.

2 Detailed list of clinical variables

Fig. 1: List of clinical variables and rate of positive occurance as %.

2.1 ECG Data Processing

The ECG signals are stored in a standard image (grid paper) format, where a con-
ventional 12-lead ECG is presented in six rows (see main manuscript. Each of the
12 ECG leads signifies a distinct direction of cardiac activation in three-dimensional
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space. The conventional ECG leads include the limb leads comprised of Leads I, II,
III, aVR, aVL, and aVF, and the precordial leads consisting of Leads V1, V2, V3, V4,
V5, and V6. The upper three rows demonstrate individual lead signals (I, II, III, aVR,
aVF, aVL, and V1-V6), each covering a duration of 2.5 seconds. The lower three rows
present a comprehensive ‘rhythm strip’ featuring various leads, capturing the entirety
of the 10-second ECG duration.

The ECG signals corresponding to each lead are cropped from the first three rows
of ECG image using an automated Python script (as indicated in Figure ??(b)). These
cropped images are resized to 124x124x3 by keeping the aspect ratio same, to ensure
the same input image size for the deep learning models.

3 Explainability and Interpretability of Models

While studying the importance of different EHR features in the prediction of post-
PCI prognosis, it was observed that the prior stroke variable was given significant
importance by the baseline (EHR-only) model for stroke prediction (as shown in Figure
2.a. Similarly, as indicated in Figure 2.b, the prior status of congestive heart failure is
given significant importance in the determination of heart failure post-PCI.

The EHR model indicates the likelihood of a patient experiencing a stroke or heart
failure within six months after PCI if there was a prior occurrence of stroke or heart
failure. However, it is important to note that this condition alone may not be deemed
necessary and sufficient for determining the respective events post-PCI since missing
or incomplete history may also cause the model to fail.

To understand the importance of the ECG snippets, the attention rollout method
is employed to assess the information flow across the multi-head attention layers within
the transformer blocks of the ViT model. This technique quantifies the distribution
of attention and aids in understanding how information is processed and propagated
throughout the model’s attention mechanisms. Figure 2.c represents the attention
rollout obtained for true positive and false positive samples of each targeted outcome.

As revealed by the attention distribution results depicted in Figure 2.c, when pre-
dicting heart failure, the ViT model notably highlights the significance of the V1 lead
in instances of true positive samples. In the context of predicting all-cause mortality,
the model’s attention varies between leads and pixels in the vicinity of the signals,
for different samples. Notably, the V5 lead emerges as of substantial importance when
forecasting stroke outcomes.

The CNN+CBAMmodel is designed as a branched architecture that parses the two
input leads separately and afterwards, we concatenate the feature map from two ECG
branches. Thus, it is not feasible to identify the attention maps from the CNN+CBAM
model.
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Fig. 2: Model interpretation. Shapely addictive explanations (SHAP) of EHR-only
model predictions for (a) stroke, (b) heart failure. (c) Heatmaps - Understanding ECG
image reading by the model using attention rollout for various clinical event.
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