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Abstract

Prognostic modeling from medical data holds the promise of informing per-
sonalized care and improving clinical decision-making. This thesis explores
two applications of survival analysis and deep learning to estimate long-
term patient risk and treatment benefit in high-impact cardiopulmonary
settings. In the first study, we develop a deep multimodal time-to-event
prediction framework that estimates patient-specific mortality risk using
chest radiographs and demographic features. Unlike traditional binary
classifiers, our approach, leveraging models such as Cox proportional haz-
ards and deep survival machines, accounts for right-censoring and allows
for risk estimation at arbitrary time horizons, offering greater flexibility
and clinical utility. In the second study, we apply individualized treatment
effect estimation to determine which patients with stable ischemic heart
disease are most likely to benefit from coronary artery bypass grafting
(CABG). Using a recently proposed machine learning algorithm, Cox
Mixtures with Heterogeneous Effects (CMHE), we stratify patients based
on their predicted survival gain from CABG versus optimal medical ther-
apy alone and validate these predictions on an external surgical cohort.
Together, these works demonstrate the potential of survival-based machine
learning models to enhance personalized risk prediction and treatment
optimization in real-world clinical scenarios.
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Chapter 1

Introduction

1.1 Motivation

Accurate prognostication and personalized treatment planning are critical goals in
modern medicine. As healthcare increasingly adopts data-driven approaches, there is
growing interest in using machine learning (ML) to support clinical decision-making,
particularly in high-stakes domains such as cardiopulmonary health. Despite recent
advances, existing predictive models often fall short in two important respects: they
are typically limited to binary outcomes at fixed time points, and they rarely account
for individualized treatment effects. These limitations hinder the ability to provide
flexible, nuanced, and personalized guidance to clinicians and patients.

This thesis is motivated by two representative challenges in clinical prediction
and decision-making. First, in risk prediction from medical imaging, deep learning
models have shown impressive performance but are often trained to predict static
binary labels, such as mortality within a certain number of years, without properly
handling censoring (individuals being lost to follow-up) or time-varying covariates
(measurements or observations changing over time). This rigid formulation fails
to reflect the continuous nature of disease progression and patient trajectories in
real-world settings. Furthermore, predictions from such models may not be reliable
across different populations or time horizons, limiting their clinical utility. Second, in
treatment decision-making, conventional risk scores such as the Society of Thoracic

Surgeons (STS) scores are valuable but provide average population-level risk estimates.
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They do not estimate the causal effect of a treatment for a particular patient. As a
result, patients who could benefit substantially from a procedure such as coronary
artery bypass grafting (CABG) may be overlooked due to the high perceived operative

risk, even when long-term survival benefit is plausible.

To overcome these limitations, survival analysis provides a powerful framework
by modeling time as a continuous random variable and explicitly accounting for
censoring, which is common in real-world clinical data. Unlike traditional binary
classifiers that predict whether an event will occur by a fixed time point, survival
models estimate the probability of an event occurring over time, offering a more
flexible and informative perspective on patient risk. One of the most well-known
survival models is the Cox Proportional Hazards (CPH) model [12], which estimates
the hazard, or instantaneous event rate, for individuals based on their covariates.
However, the CPH model assumes that the hazard ratios between individuals are

constant over time, an assumption that may not hold in many clinical scenarios.

To address this, a wide variety of alternative survival models have been proposed
that do not rely on the proportional hazards assumption. Classical approaches such
as the conditional Kaplan-Meier estimator [7] and Random Survival Forests [28]
offer nonparametric, flexible alternatives for survival prediction. More recently, deep
learning-based methods have emerged to model complex, nonlinear relationships
in time-to-event data. These include the Neural Multi-Task Logistic Regression
(N-MTLR) model [16], Nnet-survival [18], Cox-Time [33], and Deep Survival Ma-
chines [40]. Collectively, these models enable more personalized, dynamic, and
clinically relevant predictions, making survival analysis a compelling alternative to
fixed-horizon classifiers, particularly in high-stakes applications like risk stratification

and treatment planning in cardiopulmonary care.

This thesis is motivated by the need to develop survival-based machine learning
methods that model time-to-event outcomes, incorporate censoring, and provide
personalized predictions for both prognosis and treatment response. Using rich
multimodal data, such as chest radiographs and structured clinical variables, these
models aim to enable more flexible, individualized, and actionable decision support

tools that align with the principles of precision medicine.
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1.2 Thesis Organization

The remainder of this thesis is structured as follows.

1. Chapter 2 introduces deep survival models for chest radiographs, detailing the

methodology, key challenges, contributions, and experimental validation [35].
2. Chapter 3 presents deep survival models for identifying phenogroups, detailing
key findings.
3. Chapter 4 concludes with a summary of contributions and future research

opportunities.
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Chapter 2

Deep Survival Models Can Improve
Long-Term Mortality Risk
Estimates from Chest Radiographs

2.1 Introduction

Chest radiography is a common diagnostic tool for lung disorders and offers prognostic
value in terms of overall patient health and well-being. The ability to prognosticate
patient susceptibility to an adverse outcome such as death or serious complications
using such inexpensive medical testing is therefore of immense interest. Indeed,
recent advances in deep learning [21] have demonstrated that, e.g., convolutional
neural network (CNN) approaches perform well in diagnosing conditions from chest
radiograms, in some cases even outperforming trained radiologists [6, 51, 52, 53, 58, 60].

The ability to consolidate the likelihood of adverse outcomes into a single scalar risk
estimate is an exciting prospect as such a score could be utilized to stratify patients
based on their risk levels and to prioritize subsequent treatment and interventions,
helping improve overall longevity. However, deep learning models are commonly
trained to predict multiple adverse diagnoses [5], and consolidating those individual

diagnoses into a singular risk score or estimate can be a challenging task.

In studies that involve risk estimation from medical imaging data [10, 32, 36, 38,
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48, 50], the time-to-event outcome is binarized as an indicator of whether a patient
survived beyond a certain point in time (such as a 5-year risk), and imaging data
from individuals who were lost to follow-up (censored) are discarded when training
the model. However, long-term patient risk levels might vary over time depending on
patient physiology, medical history, and demographics. This can happen as a result
of time-varying covariates, where some measurements or observations change over
time. For example, in studying cancer risk, smoking status can be a time-varying
covariate [61]. As a result, modeling patients’ risk at a fixed time in the future might
be insufficient to obtain an overall sense of their prognosed health and well-being.
Furthermore, in real-world observational studies, patients cannot be followed up
indefinitely due to resource constraints and study design. A large number of patients
thus might be lost to follow-up before an event of interest is observed in them, and
typical binary classifiers ignore these observations. Moreover, a binary classifier is
only able to make predictions at the fixed time horizon that is chosen to be the
threshold for the binary targets, which makes it less flexible in that if a user wants
the patient risk at a different time, the model needs to be trained again on the new

binary target.

Deep survival analysis and time-to-event prediction aim to address those limitations
by modeling time as a continuous random variable and incorporating censoring in
the estimation of patient risk. Survival analysis is a class of statistical methods for
estimating the time until an event occurs. As opposed to binary classification, the
time-to-event outcome for a particular individual is considered to be a continuous
random variable. In this study, we were interested in estimating the risk of a patient
experiencing mortality within a time horizon, given a chest radiograph and a set
of demographic covariates. We assumed that an observation can be right-censored,
which means that the observation of a subject can be terminated before death occurs.

Cox proportional hazards (CPH) [12] is arguably one of the most popular ap-
proaches for analyzing time-to-event survival data. The CPH model makes a propor-
tional hazards assumption, stating that the ratio between the hazard rates of two
individuals is constant over all time horizons (please refer to Appendix A.2 for a more
detailed description). In real-world application scenarios, however, the proportional
hazards assumption may be overly restrictive or not hold at all. In response, a

wide range of alternative survival models have been developed over the past decades
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that do not rely on this assumption. Classical approaches, such as the conditional
Kaplan-Meier estimator [7] and Random Survival Forests [28], offer nonparametric
or ensemble-based alternatives. More recent deep learning models that can capture
nonlinear elements from the data, such as the Neural Multi-Task Logistic Regression
(N-MTLR) model [16], Nnet-survival [18], and Cox-Time [33], have further relaxed
the proportional hazards constraint by allowing for time-varying effects or modeling
time explicitly in the relative risk function. It is possible to cast survival analysis
problems as classification problems through survival stacking [13]. We adopt the
Deep Survival Machines (DSM) [40], which models the survival distribution as a
mixture of learnable components (see Appendix A.3 for details).

In this paper, we examine a multimodal application of time-to-event data to
predict long-term patient risk from chest radiographs and patient demographic data.
In particular, we use models such as CPH and DSM as replacements for binary
models. We aim to demonstrate that the proposed approach is able to generate
predictions at any time horizon while achieving superior discriminative performance
and calibration. The source code is available at https://github.com/autonlab/

Deep_Chest_Survival.

2.2 Materials and Methods

The dataset used in this study is from the randomized controlled Prostate, Lung,
Colorectal, and Ovarian (PLCO) cancer screening trial [2]. The goal of the trial was
to investigate whether screening has an effect on cancer-related mortality.

At 10 screening centers nationwide, 154,934 participants were enrolled between
November 1993 and September 2001. One coordinating center performed data
management and trial coordination. Each arm involved 37,000 females and 37,000
males aged 55-74 at entry.

In the control arm, participants received their usual medical care. In the in-
tervention arm, women received chest X-rays, flexible sigmoidoscopy, CA125, and
transvaginal ultrasound (TVU), and men received chest X-rays, flexible sigmoidoscopy,
serum prostate-specific antigen (PSA), and digital rectal exams (DREs). PSA and
CA125 were performed at entry, then annually for 5 years. DRE, TVU, and chest

X-ray exams were performed at entry, then annually for 3 years. Only two annual
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repeat X-ray exams were performed for non-smokers. Sigmoidoscopy was performed

at entry, then at the 5-year point.

A radiologist interpreted each posteroanterior chest X-ray and radiologists’ im-
pressions were included in the dataset. Participants were followed for at least 13
years. Deaths during the trial were confirmed by mailed annual study update (ASU)
and linkage to the National Death Index (NDI). Causes of death during the trial were

also determined.

Data were collected on forms designed for an NCS OpScan 5 optical-mark reader,
and then automatically loaded into a database. Information collected at screening
centers went through a hub through modems using common carrier lines. Additional
details about the PLCO dataset can be found in [23, 25, 49].

The dataset includes radiologists’ impressions that indicate whether abnormalities
exist. The survival curves based on the time-to-death data of each patient are
shown in Figure 2.1. For demonstration, we selected the noted presence of bone/soft
tissue lesions, cardiac abnormalities, COPD, granuloma, pleural fibrosis, pleural
fluid, scarring, radiographic abnormalities, mass, pleural, nodule, atelect, hilar,
infiltrate, and other abnormalities. The curves are stratified by whether the mentioned

abnormalities and lung cancer were present at the beginning of the study.
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Figure 2.1: Survival curves plotted with Kaplan—-Meier survival estimates for
phenogroups, stratified by abnormalities.

2.2.1 Preprocessing

In this study, we used grayscale chest radiographs, demographic data, time-to-death,
and censor indicators. Demographic data record sex, race, ethnicity, cigarette smoking
status, and age. Age was defined to be the age at the time of screening. Time-to-event
was defined as the number of days from the chest X-ray screen to the day of death or
the last known day of life (censoring time). Censor indicators were binary variables,
where 0 indicated that the outcome was censored, and 1 indicated that death was
observed.

In total, 89,643 images were used; 60% were used for training the model, 20% were
held out as the validation data for optimizing model hyperparameters, and 20% were

held out for testing and final model evaluation. We ensured that images from the
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same patient did not appear in more than one of the training, testing, or validation

subsets of data.

An illustration of the image preprocessing procedure is shown in Figure 2.2. The
size of each image is 2500 by 2100 pixels. In order to reduce computational costs,
each chest radiograph was resized to a 256 by 256-pixel image. Images in the training
dataset were cropped to 224 by 224 pixels at a random position. Images in the testing
dataset were cropped at the four corners and the center. Predictions were obtained
for each crop independently and averaged to obtain a final prediction for the entire

image.

Statistics of data from the subset of the PLCO database used in this study are

summarized in Table 2.1. Samples with negative times were discarded.

; E:> E:> = “ Center

|

3 [{> |::> Resize Crop !
Resize R Racr;gom . g Lower
P Right

(b) Images in the test dataset were

(a) Images in the training dataset were resized and cropped at the corners

resized and cropped at a random position. and the center.

Figure 2.2: An illustration of the resizing and cropping procedure.
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Characteristic Number
Number of patients 25,433
Number of samples (images) 89,643
Average number of samples (images) per patient 3.52
% Censored outcomes 67.40%
Age (25th-75th percentiles) 65.5 £ 7.5
% White patients 12.68%
% Patients who smoke 79.19%
% Patients surviving beyond 10 years 83.18%
% Patients with confirmed primary invasive LOT%
lung cancer diagnosed during the trial
Time-to-event (years) 15.60 + 4.33

Table 2.1: Statistics of the subset of PLCO data used in this study.

2.2.2 Evaluation Metrics

We evaluated the performance of the considered models using the Brier score [8], the
concordance index based on the inverse probability of censoring weights [56], the
cumulative/dynamic area under the receiver operating characteristic curve (AUC)
[27, 55], and the expected calibration error (ECE) [47] for 2-year, 5-year, and 10-year
time horizons. Additional details on evaluation metrics can be found in Appendix A.4.
Bootstrapping with 100 samples was performed to obtain 95% confidence intervals.
Samples were drawn from test-set predictions with 100 replacements.

The Brier score measures the average squared distance between the actual survival
probability and the predicted survival probability for a given time horizon. The
higher the Brier score, the worse the discriminative performance of the model.

The concordance index measures discriminative performance in terms of the prob-
ability of assigning higher risk to subjects with shorter times-to-events by calculating

the ratio of the number of correctly ordered pairs of patients, based on their actual
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outcomes, to the total number of such pairs. The concordance index, based on the
inverse probability of censoring weights, uses the Kaplan—Meier estimator to estimate
the censoring distribution.

The receiver operating characteristic (ROC) curve is typically depicted with
the true positive rate as a function of the false positive rate for varying sensitivity
thresholds of a binary discrimination or detection model. The higher the AUC, the
more accurately ranked the test data instances, i.e., the model gives the positive
samples higher scores than the negatives.

The expected calibration error (ECE) is calculated by splitting data sorted by
predicted probabilities into subsequent bins and averaging the per-bin differences
between predicted probabilities and true probabilities. The lower the ECE, the
better the model prediction scores correlate with true probabilities; hence there is

less miscalibration.

2.2.3 Methods

In this work, we propose a novel model that extracts survival probabilities from chest
X-rays, trained in an end-to-end fashion. Our model consists of an encoder and a
survival model that are connected by a multilayer perceptron, as shown in Figure 2.3.
The encoder is based on a DenseNet model [26] that takes the chest X-rays as inputs
and outputs a numeric vector as the representation of the images. The encoder was
adopted from the TorchXRayVision Python package [11] and pre-trained on other
chest X-ray datasets, including CheXpert and MIMIC-CXR.

Convolutional Neural Networké
(DenseNet-121)

Time-to-Event
Distribution

,,,,,,,,,,,,,,,,,,,,, Demographics

g [age]>20 [race]fBlack Survlvalmodel
[sex]:Female [smoking]:Y [

Image Data
(Chest X-Rays)

Figure 2.3: Model architecture. The proposed model takes chest radiographs and
demographic information as inputs and outputs survival probabilities. The encoder
(DenseNet-121) extracts information from the images, which is then combined with
demographic information as inputs to the survival model.
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The survival models are adopted from the auton-survival Python package [43].
A deep neural network version of Cox proportional hazards (DCPH) and DSM are used
alternatively. They take the vector representation of chest X-rays and demographic
data as inputs and output risk scores for certain time horizons. In this study, we

predicted 2-year, 5-year, and 10-year mortality.

We compared the proposed models with a common approach from the literature,
such as CXR-risk in Lu et al. [36], which is to train a model to predict mortality for
a fixed time horizon. We denote such a model as Thresholded Binary Classification
(TBC). In TBC, the time-to-event outcome is binarized to a label representing survival
beyond ¢ years from the time the X-ray was obtained, Y = 1{T" > t}. Specifically,
cases where censoring or survival times are longer than ¢ are classified as “survived”,
and non-censored cases where the times are shorter than or equal to ¢ are classified
as “dead”. The rest, where the times are shorter than ¢ and censored, are ignored.

The number of samples in each category is summarized in Table 2.2.

In order to compare whether survival models were a better alternative than a
binary classifier, TBC was built in the same way as Fig. 2.3, except that the survival
model was replaced with a multilayer perceptron. The number of layers was tuned

with a validation dataset, and additional details are presented in Appendix A.5.

Time (Years) Survived Dead Ignored

2 88,376 907 0
5 85,245 4,398 0
10 77,350 12,293 0
20 4,458 26,560 58,615

Table 2.2: The number of samples in each category.

A hyperparameter search was performed by finding model configurations that
minimized the mean Brier score for 2-, 5-; and 10-year time horizons in the validation

dataset. Additional implementation details are presented in Appendix A.5.

13
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2.3 Results

The number of patients at risk before different times, defined as those who have
censoring or survival times greater than the corresponding time, is shown in Table
2.3.

Time (years) 0 2 5 10 15 20

Number of patients at risk 25,433 25,139 24,373 22,500 18,121 3,155

Table 2.3: Number of patients at risk before 0, 2, 5, 10, 15, and 20 years.

The performance of each model measured with the Brier score, concordance
index, AUC, and ECE for 2-year, 5-year, and 10-year time horizons is summarized in
Table 2.4. Two-sample t-tests were performed to compare the performance of TBC
and DSM, and the performance of TBC and DCPH. Calibration curves plotted with

linear and logarithmic scales are shown in Figure 2.4.

Model Brier Score
2-year 5-year 10-year
TBC 0.0354 0.0555 0.1028
(0.0342, 0.0366) (0.0535, 0.0575) (0.0994, 0.1062)
0.0132 0.0455 0.1016
DSM  (0.0117, 0.0148) (0.0427, 0.0482) (0.0987, 0.1045)
1.9309 x 10~40 4.1050 x 108 0.2999
0.0132 0.0456 0.1015
DCPH (0.0116, 0.0147) (0.0429, 0.0484) (0.0985, 0.1045)
1.3310 x 107%°  6.8380 x 1078 0.2877
Model Concordance Index
2-year o-year 10-year
0.7746 0.7562 0.7541
TBC

14
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(0.7473, 0.8018)

(0.7403, 0.7721)
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(0.7456, 0.7626)

0.7959 0.7681 0.7595
DSM  (0.7684, 0.8234) (0.7540, 0.7822) (0.7504, 0.7685)
0.1412 0.1375 0.2002
0.7920 0.7658 0.7604
DCPH (0.7658, 0.8182) (0.7522, 0.7794) (0.7511, 0.7697)
0.1839 0.1853 0.1647
Model AUC
2-year d-year 10-year
TBC 0.7766 0.7623 0.7724
(0.7491, 0.8040) (0.7461, 0.7785) (0.7630, 0.7819)
0.7981 0.7748 0.7782
DSM  (0.7703, 0.8260) (0.7604, 0.7892) (0.7684, 0.7880)
0.1408 0.1305 0.2049
0.7943 0.7725 0.7793
DCPH (0.7679, 0.8208) (0.7587, 0.7863) (0.7695, 0.7890)
0.1811 0.1749 0.1643
Model ECE
2-year D-year 10-year
TBC 0.1126 0.0747 0.0216
(0.1102, 0.1149) (0.0718, 0.0776) (0.0182, 0.0250)
0.0052 0.0110 0.0152
DSM  (0.0038, 0.0067) (0.0080, 0.0141) (0.0119, 0.0185)
5.4185 x 10790 2.4773 x 1075¢ 0.0047
0.0043 0.0089 0.0135
DCPH (0.0032, 0.0054) (0.0066, 0.0113) (0.0100, 0.0169)
5.3225 x 1079 2.5831 x 10757 0.0007
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Table 2.4: Brier score, concordance index, AUC, and ECE evaluated on test dataset
with bootstrapping. Best performances are in bold. The 95% confidence intervals are
shown in parentheses. TBC (baseline model) performed the worst. P-values for the
two-sample t-tests between TBC and DSM and between TBC and DCPH are shown
under confidence intervals. p-values lower than 0.05 are in bold.

1.0 A 1.0 4
0.9 A
0.8
0.8 A
£ 0.6 z
2 2 0.7
8 E
a s
g 3
= 047 -@— TBC, 2-year = 0.6
TBC, 5-year
-@— TBC, 10-year
—@— DCPH, 2-year 0.5 4
0.2 DCPH, 5-year
DCPH, 10-year
—@- DSM, 2-year 0.4 1
—-@— DSM, 5-year
0.0 A DSM, 10-year
T T T T T T 0.3 - T T T T T T T
00 02 04 06 08 1.0 4x107! 6x107! 100
Predicted probability Predicted probability

Figure 2.4: Calibration plots for TBC, DCPH, and DSM at 2-year, 5-year, and 10-year
time horizons, with 95% confidence intervals (left: linear scale, right: logarithmic
scale). TBC calibration at 2-year and 5-year time horizons is significantly worse than
the proposed alternatives.

DSM and DCPH perform no worse than TBC with respect to the Brier score,
concordance index, AUC, and ECE. In particular, they perform significantly better
on shorter-horizon (2-year and 5-year) Brier scores and calibration. The 2-year and
5-year Brier scores of TBC are 0.0354 and 0.0555, whereas those of DSM are 0.0132
and 0.0455 and those of DCPH are 0.0132 and 0.0456. The 2-year, 5-year, and
10-year ECEs of TBC are 0.1126, 0.0747, and 0.0216, whereas those of DSM are
0.0052, 0.0110, and 0.0152 and those of DCPH are 0.0043, 0.0089, 0.0135. The
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calibration curves for 2-year and 5-year TBC also significantly deviate from the
perfectly calibrated line, compared to other curves. One reason why TBC performs
significantly worse at 2-year and 5-year time horizons than at the 10-year time horizon
might be that there are significantly more imbalances in the target, as shown in
Table 2.2. Techniques for alleviating this problem are available, such as tuning the
classification threshold and monotonically transforming predicted probabilities based
on isotonic regression [44]. These results suggest that the proposed models offer
improved discriminative performance and calibration when compared to a commonly

used binary model.

Kaplan—Meier curves obtained using the test dataset are shown in Figure 2.5. The
blue curve is obtained by using the ground-truth time-to-event. The rest shows the
predicted survival probabilities averaged over the test dataset, using DSM, DCPH, and
TBC. The models are evaluated at 1-, 2-, 3-, 5-, 10-, 15-, and 20-year time horizons.
DSM and DCPH provide curves that match the ground-truth Kaplan—Meier curve
more closely than TBC, especially at longer time horizons. The survival probabilities
predicted by TBC deviate from the ground truth much more at the 20-year time
horizon than at other time horizons. One reason might be that at the 20-year time

horizon, most samples were ignored (Table 2.2).
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Figure 2.5: The Kaplan—Meier curve obtained from each patient in the test dataset,

plotted with the ground—truth time-to-event, and average predicted survival probabil-
ities at each time horizon using TBC, DSM, and DCPH. DSM and DCPH provide
more accurate estimations.

DSM does not show significantly improved performance when compared to DCPH.
This suggests that, with regard to the dataset we used, the assumption of proportional
hazards does not substantially impact predictive power and suggests that there is no

substantial prognostic value in non-proportional hazards.

2.4 Discussion

We demonstrated that deep learning survival models that use time-to-event and
censor indicators can offer more flexibility and perform better at predicting long-term
mortality than commonly used binary classifiers, in terms of Brier score and ECE, on
multiple time horizons.

Patient risk prediction from imaging data using deep learning is traditionally per-
formed with a binary mortality outcome variable, not accounting for censored outcomes.

Lu et al. [36] demonstrated that CNNs have the prognostic capability to assess a
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patient’s risk of morality over long time horizons (12 years) in a large cohort of
patients from the Prostate, Lung, Colorectal, and Ovarian (PLCO) cancer screening
trial [2]. They further validated their estimated risk score on an internal held-out
set as well as on an external study, the National Lung Screening Trial (NLST).
Other studies applied similar techniques to multiple contexts and various time hori-
zons. [10, 32, 38, 48, 50]. For instance, Kolossvéry et al. [32] used deep learning
to predict 30-day all-cause mortality using chest radiographs. Raghu et al. [50]
estimated postoperative mortality (30-day mortality and in-hospital mortality) after
cardiac surgeries using preoperative chest X-rays.

As shown in the TBC study, a model needs to be trained on each of the time
horizons of interest. It appears that these models do not necessarily reach the
attainable performance, possibly due to not considering censoring information and the
time-varying effects of covariates. Survival analysis (DSM and DCPH) can incorporate
these factors natively.

CPH is a semiparametric method that requires no predefined probability function
to represent survival times, but assumes proportional hazards. It estimates the
hazard, which is defined as the instantaneous probability that an event will occur.
DeepSurv [30] is a deep learning framework based on CPH. The hazard function in
DeepSurv is determined by the parameters of a trained deep neural network.

DSM adds flexibility by modeling the survival distribution as a mixture of multiple
component distributions. It assumes that each component distribution is parametric,
and does not assume proportional hazards. The parameters of each component and
mixture weights are learned from data using neural networks. The individual survival
distribution is estimated as an average of the learned distributions weighted by the
learned mixture weights.

We expected that DSM would perform better than DCPH, since it imposes
fewer assumptions. However, in the specific case of the PLCO dataset, relaxing the
assumption of proportional hazards does not appear to yield additional benefits, since
the performances of DSM and DCPH are comparable.

Our study has limitations. For instance, as shown in Table 2.1, 50% of patients are
between 58 and 73 years of age, and only 12.68% are non-White. Therefore, those who
are younger and non-White may not be adequately represented in the training data,

resulting in a bias toward those who are older and White, and potentially impacting
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the models’ effectiveness in promoting patient care uniformly across subpopulations.
Further studies are needed to assess the performance of the proposed models when
used on populations of different ages and races than those represented in the data
used in the current study.

One of our future steps involves the application of the proposed models to
counterfactual phenotyping, where groups of individuals belong to underlying clusters
and demonstrate heterogeneous treatment effects [42]. This may provide insights into
measuring the distinctive effects of interventions on certain subgroups of patients and

enable personalized interventions that lead to optimal outcomes.
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Chapter 3

Machine Learning Identifies
Patients Who Derive Survival
Benefit from Coronary

Revascularization

3.1 Introduction

Coronary artery bypass grafting (CABG) has been a cornerstone in the treatment
of patients with coronary artery disease for decades [17, 59]. However, controversy
has arisen about the role of CABG in patients with stable ischemic heart disease
[4, 17, 37, 54, 57]. Although CABG is associated with a short-term increased risk of
adverse events, including death, a recent, modern meta-analysis suggests a potential
survival benefit from CABG plus optimal medical therapy (OMT) versus OMT alone
[17]. These results, along with notable advances in CABG patient care that allow
low perioperative mortality rates [4, 15], suggest that more scrutiny is warranted to

determine which patients are best suited for revascularization with CABG.

Machine learning (ML) is a rapidly emerging technology that can help determine
the optimal treatment strategy for patients with coronary artery disease [45]. A
recently developed ML algorithm, Cox Mixtures with Heterogeneous Effects (CMHE),
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utilizes survival data to estimate treatment effects in individual patients [41]. In
particular, the algorithm uses deep learning architectures to stratify patients according
to the predicted survival benefit (or detriment) based on patient characteristics.
However, to date, CMHE has not been used to optimize the revascularization strategy
in patients with stable coronary artery disease. Using machine learning, our aim was to
discover which patients are the most likely to benefit from coronary revascularization
and test model predictions on a separate cohort of patients who underwent surgical

revascularization at a single tertiary medical center.

3.2 Methods

3.2.1 Data

Data from the Bypass Angioplasty Revascularization Investigation in Type 2 Diabetes
(BARI2D) randomized trial was included for training and validation of the CMHE
model [24]. The BARI2D data includes baseline characteristics and survival data
from 2,368 patients with type 2 diabetes and stable coronary artery disease who were
randomly assigned to a prompt revascularization with OMT (R+OMT, n=1,176,
49.7%) or OMT alone (n=1,192, 50.3%). Prior to randomization, patients were
stratified to be appropriate candidates for either percutaneous coronary intervention
(PCI, n=1,605, 66.4%) or CABG (n=763, 33.6%) based on coronary angiography.
The baseline characteristics of the BARI2D patients are included in Table 3.1. All
data from the BARI2D study was used for CMHE model training and validation. A
second CMHE model trained using only patients who underwent CABG could not be
created due to too few patients in the CABG stratum in the BARI2D study.
External model testing was performed using a single-institutional cohort of patients
with diabetes mellitus who underwent elective CABG. A total of 1,507 patients who
met these criteria underwent CABG between 2010 and 2024. Of these, 162 (10.7%)
were excluded due to missing survival data, resulting in a total cohort of 1,345 patients.
The baseline and operative characteristics are included in Table 3.1. Among both
databases, there were 14 features that were present within both the BARI2D and the
institutional data. The CMHE models developed in this study were generated using

these 14 features. The baseline feature values between the datasets are presented in
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Table 3.1.
Feature BARI2D Dataset CABG Dataset p-value
Congestive heart failure 6.6% [156/2348] 9.5% [128/1345] 0.002
Ejection fraction <50% 16.9 % [400/2368] 30.6% [411/1345] < 0.001
Hispanic 12.5% [297/2368] 0.7% [9/1345] < 0.001
Hyperlipidemia 81.9% [1913/2336]  95.7% [1287/1345] < 0.001
Hypertension 82.5% [1929/2337]  95.5 % [1284/1345] < 0.001
Myocardial infarction 32.0% [746/2328] 52.0% [699/1345] < 0.001
Race (white) 70.4% [1666/2368]  94.3% [1269/1345] < 0.001
Recent alcohol use 23.7% [561,/2368] 54.7% [736/1345] < 0.001
Recent smoker 12.5% [295/2368| 20.1% [270/1345] < 0.001
Sex (female) 20.6% [702/2368]  26.9% [362/1345]  0.083
Age (years) 61.9 £ 8.8 64.5 £ 9.09 < 0.001
Body mass index 31.7 + 5.8 31.8 + 6.3 0.564
Creatinine (mg/dL) 1.0 £ 0.3 1.3+11 < 0.001
Hemoglobin A1C (%) 7.6 £1.6 75+ 15 0.002

Table 3.1: Feature comparisons between BARI2D clinical trial data and a single-
institutional dataset of patients with diabetes mellitus undergoing coronary artery
bypass grafting.

3.2.2 Model Training

Two outcome variables were evaluated: overall survival (OS) and major adverse
cardiac and cerebrovascular events (MACCE). MACCE was defined according to
the definition of the Society of Thoracic Surgeons (STS) as the composite of death,
stroke, myocardial infarction, or ischemia-driven re-revascularization . The BARI2D
model for predicting MACCE outcomes was created using the outcome of the major
cardiovascular events (MCE) of BARI2D, which includes a combination of death,
myocardial infarction or stroke. CMHE models censored the data from time to
event by assuming that an individual’s survival outcome depends on baseline survival
rates and the treatment effect. Using deep learning, the model employs an encoder
to learn representations of latent phenogroups based on observed covariates. It
then estimates the individual-level survival curve under the intervention, therefore
recovering subgroups of patients that respond differentially to the intervention.
Using BARI2D data, CMHE models were trained based on time-to-event for OS
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or MACCE following revascularization with either PCI or CABG. The model output
predicts whether patients are more likely to benefit from R+OMT or OMT alone.

3.2.3 Model Testing

Using the CMHE model, patients in the BARI2D and institutional datasets were
stratified into phenogroups 1 and 2, based on the predicted response to revascular-
ization, with phenogroup 1 likely to benefit from R+OMT, while phenogroup 2 was
more likely to benefit from OMT alone. Kaplan-Meier survival curves were generated
and compared using hazard ratios and rank likelihood tests. The demographic data
of the patients between the phenogroups were compared using t-tests and chi-squared

tests for continuous and categorical variables, respectively.

3.3 Results

The CMHE model trained on BARI2D overall survival data identified two distinct
phenogroups based on response to revascularization. Phenogroup 1 (n = 966, 40.8%)
was more likely to receive benefit from revascularization (HR = 0.60,p = 0.003),
whereas phenogroup 2 (n = 1,402,59.2%) was more likely to be harmed (HR =
1.55,p = 0.007). Patients in phenogroup 1 and phenogroup 2 in BARI2D who
underwent revascularization experienced similar Kaplan-Meier survival (p = 0.407,
Figure 3.1). Phenogroup 1 patients were older (64.0 + 8.5 versus 60.5 4 8.7 years,
p < 0.001), more often female (44.2% [427/966] versus 19.6% [275/1,402], p < 0.001),
and had higher HbA1C (8.1 + 1.7 versus 7.3 £ 1.5, p < 0.001, Table 3.2).

When applied to a dataset of patients undergoing elective CABG, patients in
phenogroup 1 (n = 303,39.8%) had similar Kaplan-Meier survival compared to
phenogroup 2 (n = 1,042,60.2%,HR = 1.00,p = 0.433, Figure 3.1) and similar
operative mortality compared to phenogroup 2 (1.7% [5/303] versus 1.2% [13/1,042],
p = 0.800). Patients in phenogroup 1 also had a higher STS predicted risk of mortality
(2.0 £ 2.1% versus 1.2 + 1.2%, p < 0.001).

CMHE assumes that conditional on the latent group, individual time-to-event
distributions obey proportional hazards. We note that for the BARI2D dataset, in
phenogroup 1, proportional hazards does not hold for hyperlipidemia (p = 0.024)
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and ejection fraction <50% (p = 0.054, and in phenogroup 2, it does not hold for
age (p =0.021). For the CABG dataset, in phenogroup 1, proportional hazards
does not hold for hypertension (p = 0.040) and body mass index (p = 0.019), and in
phenogroup 2, it does not hold for race (p = 0.013).

3.4 Discussion

Randomized controlled trials have long been the gold standard for evidence-based
practice in medicine, including cardiovascular medicine as it relates to coronary
revascularization [34]. However, clinical trials necessarily group diverse populations
of patients with differing baseline characteristics to identify broad treatment recom-
mendations, but within these populations, there may be subgroups of patients with
differing response to treatment, a concept referred to as “heterogeneous treatment
effect” and is defined in the Predictive Approaches to Treatment Effect Heterogeneity
Statement (PATH) [1, 31]. Performing a separate randomized controlled trial in all
possible subpopulations would be prohibitively costly and impractical. Thus, ML
techniques can help to discover these phenogroups and thus allow for a more person-
alized treatment approach for individual patients[31, 41, 45, 46]. The CMHE ML
algorithm was developed with the aim of discovering phenogroups with heterogeneous
treatment effects in time-to-event data, making it ideal for applying personalized
recommendations to prolong survival in patients who may be considered for coronary
revascularization[41]. In the present study, a CMHE model was trained using data
from the BARI2D randomized controlled trial, and the phenogroups were applied
to a separate data set of patients who underwent CABG at a single large tertiary
medical center between 2011-2024.

Note that the assumption of CMHE does not hold for some variables, and there are
other algorithms for causal survival analysis that might be applicable. Causal Survival
Forest [14] estimates the conditional average treatment effect on the survival time, by
adapting the causal forest algorithm [3] to right-censored data. Bo et al. propose
a causal meta-learning approach that estimates individualized treatment effect by
extending T-learner and X-learner. Multiple Imputation for Survival Treatment
Response [39] handles instrumental variables and heavy censoring using ecursively

imputed survival trees. Chapfuwa et al. [9] propose a generative model that adjusts

25



3. Machine Learning Identifies Patients Who Derive Survival Benefit from Coronary
Revascularization

for informative censoring and a nonparametric hazard ratio metric for evaluating

average and individualized treatment effects.

3.5 Conclusion

ML can help elucidate which patients are likely to benefit from revascularization
versus optimal medical therapy alone. Interestingly, patients in phenogroup 1, who
are expected to experience a long-term survival benefit from revascularization based
on the CMHE ML model, had a significantly higher STS predicted risk of operative
mortality compared to phenogroup 2. Despite the increased perioperative risk, survival
rates did not differ significantly between the two phenogroups. These results highlight
the potential for this and other MLL models to complement the STS risk prediction
model, improving preoperative decision-making about optimal treatment selection for

patients with coronary artery disease.

This study illustrates that valuable insights can be gained even from trials deemed
negative or inconclusive by regulatory standards, such as the BARI2D study, which
reported no significant difference in the rates of death between patients receiving
prompt revascularization and those treated with OMT [24]. Importantly, machine
learning models such as CMHE provide a more nuanced, individualized approach to
treatment evaluation. Unlike conventional tools such as the ST'S risk score, which lacks
transparency in its methodology, CMHE supports counterfactual reasoning, enabling
personalized estimates of treatment benefit, and is available as an open-source tool,

promoting reproducibility and further research.
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Figure 3.1: Kaplan-Meier survival curves. (Left) shows survival estimates for two
phenogroups of BARI2D patients identified using the Cox Mixtures with Heteroge-
neous Effects machine learning (ML) model based on survival response to revascu-
larization. (Right) shows this same model applied to an institutional database of
patients who underwent coronary artery bypass grafting (CABG). This plot shows
that long-term survival does not significantly differ between phenogroups, despite a
higher baseline predicted risk of mortality in phenogroup 1. These results indicate
phenogroup 1 patients may have derived particular benefit from revascularization
with CABG, as predicted by the ML model.
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Feature Phenogroup 1  Phenogroup 2  p-value
BARI2D Dataset
Congestive heart failure 7.4% [71/957] 6.1% [85/1391] 0.243
Ejection fraction <50% 16.7% [157/939]  18.0% [243/1351]  0.466
Hispanic 19.7% [190/966]  7.6% [107/1402]  <0.001
Hyperlipidemia 82.0% [171/951] 81.8% [1133/1385]  0.938
Hypertension 84.5% [148/954] 81.2% [1123/1383]  0.045
Myocardial infarction 25.5% [251/948]  35.9% [495/1380]  <0.001
Race (white) 56.6% [547/966] 79.8% [1119/1402]  <0.001
Recent alcohol use 4.2% [40/956]  37.3% [521/1395]  <0.001
Recent smoker 2.7% [26/966]  19.2% [269/1402]  <0.001
Sex (female) 44.2% [427/966]  19.6% [275/1402]  <0.001
Age (years) 64.0 + 8.6 60.5 + 8.7 <0.001
Body mass index 28.3 £ 3.6 34.1 £5.8 <0.001
Creatinine (mg/dL) 1.1+ 0.3 1.0+ 0.3 0.230
Hemoglobin A1C (%) 8.1+ 1.7 73+ 14 <0.001
CABG Dataset
Congestive heart failure 27.1% [82/303]  19.3% [201/1042]  <0.001
Ejection fraction <50% 34.3% [104/303]  29.5% [307/1042] 0.122
Hispanic 1.3% [4/303] 0.5% [5/1037] 0.238
Hyperlipidemia 94.0% [285/303] 96.2% [1003/1042]  0.154
Hypertension 93.7% [284/303]  96.9% [1000/1042] 0.136
Myocardial infarction 48.2% [146/303]  53.1% [553/1042] 0.152
Race (white) 92.1% [270/303]  95.0% [990/1042] 0.071
Recent alcohol use 15.2% [46/303]  66.2% [690/1042]  <0.001
Recent smoker 3.0% [9/303] 25.0% [261/1042]  <0.001
Sex (female) 34.3% [133/303]  22.0% [229/1042]  <0.001
Age (years) 67.8 £ 9.1 63.6 + 8.9 <0.001
Body mass index 27.0 £ 3.8 33.2 £6.2 <0.001
Creatinine (mg/dL) 1.6 + 1.7 1.2+ 0.8 <0.001
Hemoglobin A1C (%) 7.7+ 1.6 74+ 15 0.002
STS Predicted Mortality (%) 2.0+ 21 1.2 +1.2 <0.001
Operative Mortality 1.7% [5/303] 1.2% [13/1029] 0.800

Table 3.2: Feature comparisons between phenogroups for BARI2D clinical trial
data and a single-institutional dataset of patients with diabetes mellitus undergoing
coronary artery bypass grafting.
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Chapter 4

Conclusions and Future Work

4.1 Summary of Contributions

This thesis demonstrates the power and versatility of survival-based machine learning
approaches in tackling two clinically important but distinct challenges: personalized
risk prediction from chest radiographs and individualized treatment effect estimation
for coronary revascularization. In the first study, we showed that time-to-event
models, when combined with imaging and demographic data, can generate flexible,
accurate, and well-calibrated mortality risk predictions, overcoming the limitations of
fixed-horizon binary classifiers. In the second study, we extended the utility of survival
analysis to treatment decision making by identifying subpopulations of patients with
stable ischemic heart disease who derive the most benefit from coronary artery bypass
grafting. Using a heterogeneous treatment effect model (CMHE), we moved beyond
average treatment effects to support individualized, data-driven clinical choices.
Together, these works underscore the importance of modeling time explicitly and
accounting for censoring in real-world health data. They also highlight the growing
role of deep learning in integrating high-dimensional inputs such as medical imaging
with survival analysis for both prognosis and treatment optimization. Future work
could expand these models to larger, multi-center datasets; incorporate additional
modalities such as electronic health records and genomic data; and explore deployment
in clinical workflows to support dynamic, personalized decision-making. Ultimately,

this thesis contributes to the broader goal of building intelligent systems that can
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improve patient outcomes through precision medicine.

4.2

Future Research Opportunities

Building upon this work, several promising avenues can be explored to further advance

survival prediction.

30

1. Improving Fairness and Generalizability Across Populations: the

studies highlight potential demographic imbalances in training data, particularly
with respect to age and race, which can limit the generalizability of the models to
underrepresented sub-populations. Future work should explore model retraining
and evaluation using datasets that are more demographically diverse, and
integrate fairness-aware modeling techniques to reduce bias in risk and treatment

predictions across subgroups.

. Integration of Time-Varying and Longitudinal Data: Current models

primarily use static snapshots of patient data (e.g., a single radiograph or
baseline clinical characteristics). Future directions could include incorporating
longitudinal imaging, laboratory values, or EHR-derived time series data to
capture evolving patient risk and improve predictions over time using dynamic

survival models or recurrent neural architectures.



Appendix A

Deep Survival Models Can Improve
Long-Term Mortality Risk
Estimates from Chest Radiographs

A.1 Censoring and Time-to-Event Predictions

We are interested in estimating P(T" < ¢|X), the risk of a patient experiencing
mortality within a time horizon ¢t € R, given a chest radiograph € R%? and a
set of demographic covariates g € R™ . We assume that observations on 7" can be

right-censored, which means that the observation is terminated before death occurs.

Censoring makes it challenging to learn an estimator of survival. As evidenced
in Figure A.1, the censored patients need to be accounted for to obtain an unbiased
estimate of patient survival. Standard survival models such as the Cox model make
strong assumptions about the distribution of the event times. Hence, they cannot

generalize to situations where the assumptions are violated (Figure A.2).
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Figure A.1: Censoring and Time-to-Event Predictions. Patients A and C died 1 and
4 years from entry into the study, whereas Patients B and D exited the study without
experiencing death (were lost to follow-up) at 2 and 3 years from entry into the study.
Time-to-event and survival regression thus involve estimates that are adjusted for
individuals whose outcomes were censored.

Source: Adapted from [43]
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Figure A.2: Non-Proportional Hazards. When the proportional hazards assumptions
are satisfied, the survival curves and their corresponding hazard rates dominate each
other and do not intersect. In many real-world scenarios, however, the survival
curves do. Models such as Deep Survival Machines include flexible estimators of
times-to-events in the presence of non-proportional hazards.

Source: Adapted from [43]

A.2 Additional Details on Proportional Hazards
Model

Cox proportional hazards (CPH) makes the proportional hazards assumption that the
ratio between two hazards is constant over time [12]. The hazard A(¢) as a function
of some time ¢ is defined as the probability that given that a patient survives ¢, the

patient will not survive ¢t + 0, and § approaches 0 (Equation (A.1)).
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CPH models the hazard as Equation (A.2), given covariates z;;,i € {1,...,n},j €
{1,...,p}, where p is the number of predictors, and n is the number of patients. The

parameters of the model are 5;. A\g(¢) is known as the baseline hazard function.

Ai(t) = Xo(t) exp(frxin + . .. + Bpxip) (A.2)

The proportional hazards assumption comes from the fact that the proportion of

two hazard functions is fixed, since ;;8 = exp(f1(zin — xj1) + ... + Bp(xip — xjp))-
We estimated that 8 = {f,..., 5,} are the ones that maximize the partial likeli-

hood

(Equation (A.3)), where ¢ : E; = 1 are patients whose outcomes are not censored, and

Z(T;) is the set of patients who have not experienced the event at time 7.

exp(f1xi + ... + Bpip)
L(p) = A3
(5) i Bi—1 Z]G%_’(Tz) eXp(lejl —|— e + 6px]'p) ( )

DeepSurv [30] is a deep neural network implementation of CPH. It estimates the
risk function hg(x) of an individual with covariates x, parametrized by the weights 0
of a multi-layer perceptron. The loss function is the negative log partial likelihood
(Equation (A.4)).

Locru(0) == > | ho(a:) —log > ol (A.4)
)

iE=1 JjER(T;

A.3 Additional Details on Deep Survival

Machines

In this section, we describe Deep Survival Machines, which models the time-to-event
distribution. The DSM model involves modeling the time-to-event distribution as a
fixed-size mixture of K parametric survival distributions. This allows the model to

generalize to situations where the survival curves intersect (a clear violation of the
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proportional hazards assumption.). The final time-to-event outcome is determined by

averaging over the latent Z = k. We provide DSM in plate notation in Figure A.3.

© ¢

H——®

e ow

The Generative Story

1.

We draw the covariates of the individual, x;.

cw, €~ N(0,1x)

The parameters of the model are drawn from

a zero mean Gaussian distribution.
2~ Discrete(softmax(q)g(wi)Tw))
Conditioned on the covariates, «;, and the

parameters, w, we draw the latent z;.

. log B ~ N (Bo, Yr), log it ~ N (10, /)

The set of parameters {f; 1, and {7}/,

are drawn from the prior 5y and 7j.

Lt~ Distribution(ﬁk, )

where 85, = B, + act(®g(x;) ' ¢)

Ne = 1k + act(Pg(x;) " €)
Finally, the event time t¢; is drawn, condi-

tioned on f3,, and 7,,.

Figure A.3: Deep Survival Machines in plate notation.

Source: Adapted from [40]

A.4 Censoring Adjusted Evaluation Metrics

Brier Score (BS): The Brier score involves computing the mean squared error of

the estimated survival probabilities, P(T > t|X = ) = f(,t), at a specified time

horizon, ¢t. As a proper scoring rule, the Brier score gives a sense of both discrimination

and calibration.

Under the assumption that the censoring distribution is independent of the

time-to-event, we can obtain an unbiased, censoring adjusted estimate of the Brier
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score ]%Ipcw(t) using the inverse probability of censoring weights (IPCW) from a

Kaplan—Meier estimator of the censoring distribution, é(), as proposed in [19, 22].

BS(t) = Ep [(1{T; > t} — (T > t|X = x))’]

— 1 & x, 1)21{T <t.6=1 1— f(x;,1)*1{T >t}
BSiwow(t) =72 [f( | ém if Gilt) |

=1

Area under ROC Curve (AUC): ROC curves are extensively used in classification
tasks where the true positive rate (TPR) is plotted against the false positive rate
(1-true negative rate, or TNR) to measure the model’s discriminative power over all
output thresholds.

To enable the use of ROC curves to assess the performance of survival models
subject to censoring, we employed the technique proposed by [27, 55], which treats the
TPR as time-dependent on a specified horizon, ¢, and adjusts survival probabilities,
f(z,t), using the IPCW from a Kaplan-Meier estimator of the censoring distribution,
G’(t) Estimating the TNR requires observing outcomes for each individual; only
uncensored instances are used. Refer to [29] for details on computing ROC curves in

the presence of censoring.

TPR(c,t) = = . TNR(e,t) = =—
> oy UL <th > T, > t}
=1 ¢ =

Time-Dependent Concordance Index ( C'?): The concordance index compares risks
across all pairs of individuals within a fixed time horizon, ¢, to estimate the ability to

appropriately rank instances relative to each other in terms of their risks, f(x,t).
C(t) = P(f(mi,t) < flzy, )0, =1, T, < T}, T; < t)

We employed the censoring adjusted estimator for C*4, which exploits IPCW
estimates from a Kaplan—Meier estimate of the censoring distribution. Further details
can be found in [56] and [20].

Expected ¢; Calibration Error (ECE): The ECE measures the average absolute

difference between the observed and expected (according to the risk score) event
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rates, conditional on the estimated risk score. At time ¢, let the predicted risk score
be R(t) = P(T > t|X). Then, the ECE approximates

ECE(t) = E[|P(T > t|R(t)) — R(1)]]

by partitioning the risk scores R into ¢ quantiles {[r;,7;,1)}j_; and computing the
Kaplan-Meier estimate of the event rate. KM;(t) ~P(T > t|R € [rj,7j+1)), and the
average risk score, Rj =13 R;, in each bin. Altogether, the estimated

ECE is

Ri€[rjrjt1)

— 1 & —

BOB() = 1 3 [KM,(0) - R(0)]
j=1

In practice, we fixed the number of quantiles to 20 for our experiments.

A.5 Implementation Details

All experiments were run on NVIDIA RTX A6000, with PYTHON 3.9.12 and Py-
TORCH 1.11.0. Statistical analysis was performed with PyTHON 3.9.12.

We performed a hyperparameter search by searching for the hyperparameters that

yielded the lowest validation Brier score.

For DCPH, DSM, and TBC models, layer sizes (the number of neurons in each
hidden layer of survival models) are searched from [( ) (no hidden layers), (64) (one
hidden layer with 64 neurons), (64, 64) (two hidden layers with 64 neurons each),
(128) (one hidden layer with 128 neurons), and (128, 128) (two hidden layers with 128
neurons each)]. For DSM models, in addition to layer sizes, the number of underlying
distributions k is searched from [2, 3, 4, 6], temperatures from [1, 100, 500, 1000],
and elbo from [True, False]. The configurations with the best validation performance

are presented in Table A.1.

Adam optimizer with a learning rate of 3 x 10~* was used for all models. The
distribution for all DSM models was the Weibull distribution. The training batch
size was 64, and the validation batch size was 32. Models were trained for 10 epochs,

with a patience of 3.
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DSM DCPH
Layer Size k Temperature Elbo Layer Size
(128) 4 1 True (64, 64)

TBC, 2-Year TBC, 5-Year TBC, 10-Year

Layer Size

(64) (64, 64) (128)

Table A.1: Hyperparameter configurations that yielded the best validation perfor-
mance
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Appendix B

Machine Learning Identifies

Patients Who Derive Survival

Benefit from Coronary

Revascularization

B.1

Implementation Details

Models were trained using Python 3.9.12 and the auton-survival package available

through GitHub. Deep learning models were trained using a CPU. Model hyperpa-

rameters are the following.

1.

G N o Ot W N

Horizons: [1, 3, 5]

Number of underlying treatment effect phenotypes: [2]
Number of training epochs: 100

Learning rate: 0.01

Batch size: 256

Size of the validation split: 0.15

Patience: 3

Optimizer: Adam
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Revascularization

Hyperparameter selection is performed for the following:
1. Number of underlying base survival phenotypes: 1 or 2

2. Number of neurons in each hidden layer: [50, 50] or [50]

The best set of hyperparameters is the one that yielded the lowest integrated
Brier score. For mortality, (1, [50, 50]) was chosen, and for MACCE, (2, [50]) was

chosen.
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