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Abstract: Deep learning has recently demonstrated the ability to predict long-term patient risk
and its stratification when trained on imaging data such as chest radiographs. However, existing
methods formulate estimating patient risk as a binary classification, typically ignoring or limiting
the use of temporal information, and not accounting for the loss of patient follow-up, which re-
duces the fidelity of estimation and limits the prediction to a certain time horizon. In this paper,
we demonstrate that deep survival and time-to-event prediction models can outperform binary
classifiers at predicting mortality and risk of adverse health events. In our study, deep survival
models were trained to predict risk scores from chest radiographs and patient demographic infor-
mation in the Prostate, Lung, Colorectal, and Ovarian (PLCO) cancer screening trial (25,433 patient
data points used in this paper) for 2-, 5-, and 10-year time horizons. Binary classification models
that predict mortality at these time horizons were built as baselines. Compared to the considered
alternative, deep survival models improve the Brier score (5-year: 0.0455 [95% CI, 0.0427-0.0482]
vs. 0.0555 [95% CI, (0.0535-0.0575)], p < 0.05) and expected calibration error (ECE) (5-year: 0.0110
[95% CI, 0.0080-0.0141] vs. 0.0747 [95% CI, 0.0718-0.0776], p < 0.05) for those fixed time horizons and
are able to generate predictions for any time horizon, without the need to retrain the models. Our
study suggests that deep survival analysis tools can outperform binary classification in terms of both
discriminative performance and calibration, offering a potentially plausible solution for forecasting
risk in clinical practice.
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1. Introduction

Chest radiography is a common diagnostic tool for lung disorders and offers prog-
nostic 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 [1] 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 [2-7].

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 typically trained to predict multiple
adverse diagnoses [8], 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 [9-14], 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
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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 [15]. 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.
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) [16] is arguably one of the most popular approaches
for analyzing time-to-event survival data. The CPH model makes a proportional hazards
assumption, stating that the ratio between the hazard rates of two individuals is constant
over all time horizons (please refer to Appendix B for a more detailed description). In
real-world application scenarios, however, the proportional hazards assumption may be
overly restrictive or not hold at all. The Deep Survival Machines (DSM) [17] approach does
not assume proportional hazards. Appendix C explains the mechanism of DSM.

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 partic-
ular, 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 (accessed on 21
May 2024).

2. Materials and Methods

The dataset used in this study is from the randomized controlled Prostate, Lung,
Colorectal, and Ovarian (PLCO) cancer screening trial [18]. 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 interven-
tion 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 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” impres-
sions 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.
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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 [19,21? ].

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 1. For demonstration, we selected the noted presence of bone/soft tissue lesions, car-
diac 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 1. Survival curves plotted with Kaplan-Meier survival estimates for phenogroups, stratified

by abnormalities.
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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 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. 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
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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 summa-
rized in Table 1. Samples with negative times were discarded.
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Figure 2. An illustration of the resizing and cropping procedure. (a) Images in the training dataset

were resized and cropped at a random position. (b) Images in the test dataset were resized and
cropped at the corners and the center.
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Table 1. Statistics of the subset of PLCO data used in this study.

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+75
% White patients 12.68%
% Patients who smoke 79.19%
% Patients surviving beyond 10 years 83.18%

% Patients with confirmed primary invasive lung cancer

diagnosed during the trial 4.07%

Time-to-event (years) 15.60 £ 4.33

2.2. Evaluation Metrics

We evaluated the performance of the considered models using the Brier score [22],
the concordance index based on the inverse probability of censoring weights [23], the
cumulative/dynamic area under the receiver operating characteristic curve (AUC) [24,25],
and the expected calibration error (ECE) [26] for 2-year, 5-year, and 10-year time horizons.
Additional details on evaluation metrics can be found in Appendix D. 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 probabil-
ity 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 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.
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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.

2.3. 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 3. The encoder
is based on a DenseNet model [27] 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 [28] and pre-trained on other chest X-ray datasets,
including CheXpert and MIMIC-CXR.

Convolutional Neural thwork§
] (DenseNet-121)

¢>('): 3

[age]>20 [race]:Black
[sex]:Female [smoking]:¥

e-to-Event
Distribution |

Image Data
(Chest X-Rays)

Figure 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.

The survival models are adopted from the auton-survival Python package [29]. 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. [9], 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, ) = 1{T > t}. Specifically, cases where censoring or
survival times are longer than t are classified as “survived”, and non-censored cases where
the times are shorter than or equal to t are classified as “dead”. The rest, where the times
are shorter than t and censored, are ignored. The number of samples in each category is
summarized in Table 2.

Table 2. The number of samples in each category.

Time (Years) Survived Dead Ignored
2 88,376 907 0
5 85,245 4398 0
10 77,350 12,293 0

A hyperparameter search was performed by finding model configurations that mini-
mized the mean Brier score for 2-, 5-, and 10-year time horizons in the validation dataset.
Additional implementation details are presented in Appendix E.
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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 3.

Table 3. Number of patients at risk before 0, 2, 5, 10, 15, and 20 years.

Time (Years) 0 2 5 10 15 20
25,433 25,139 24,373 22,500 18,121 3155

Number of Patients at Risk

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 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 4.

Table 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.

Model Brier Score Concordance Index
2-year 5-year 10-year 2-year 5-year 10-year
TBC 0.0354 0.0555 0.1028 0.7746 0.7562 0.7541
(0.0342, 0.0366)  (0.0535, 0.0575) (0.0994, 0.1062) (0.7473,0.8018)  (0.7403,0.7721)  (0.7456, 0.7626)
0.0132 0.0455 0.1016 0.7959 0.7681 0.7595
DSM (0.0117,0.0148)  (0.0427, 0.0482) (0.0987, 0.1045) (0.7684,0.8234)  (0.7540,0.7822)  (0.7504, 0.7685)
1.9309 x 10740 4.1050 x 10~8 0.2999 0.1412 0.1375 0.2002
0.0132 0.0456 0.1015 0.7920 0.7658 0.7604
DCPH  (0.0116,0.0147)  (0.0429, 0.0484) (0.0985, 0.1045) (0.7658,0.8182)  (0.7522,0.7794)  (0.7511, 0.7697)
1.3310 x 10740 6.8380 x 1078 0.2877 0.1839 0.1853 0.1647
Model AUC ECE
2-year 5-year 10-year 2-year 5-year 10-year
TBC 0.7766 0.7623 0.7724 0.1126 0.0747 0.0216
(0.7491,0.8040)  (0.7461, 0.7785) (0.7630, 0.7819) (0.1102,0.1149)  (0.0718,0.0776)  (0.0182, 0.0250)
0.7981 0.7748 0.7782 0.0052 0.0110 0.0152
DSM (0.7703, 0.8260)  (0.7604, 0.7892) (0.7684, 0.7880) (0.0038, 0.0067)  (0.0080, 0.0141)  (0.0119, 0.0185)
0.1408 0.1305 0.2049 5.4185 x 1070 2.4773 x 10! 0.0047
0.7943 0.7725 0.7793 0.0043 0.0089 0.0135
DCPH  (0.7679,0.8208)  (0.7587, 0.7863) (0.7695, 0.7890) (0.0032,0.0054)  (0.0066, 0.0113)  (0.0100, 0.0169)
0.1811 0.1749 0.1643 53225 x 1078 2.5831 x 10757 0.0007

DSM and DCPH perform no worse than TBC with respect to the Brier score, concor-
dance 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 calibration curves for 2-year and 5-year TBC also significantly
deviate from the perfectly calibrated line, compared to other curves. These results suggest
that the proposed models offer improved discriminative performance and calibration when
compared to a commonly used binary model.
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Figure 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.

Kaplan—-Meier curves obtained using the test dataset are shown in Figure 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.
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Figure 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 probabilities 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.
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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 performed
with a binary mortality outcome variable, not accounting for censored outcomes. Lu et al. [9]
demonstrated that CNNs have the prognostic capability to assess a 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 [18]. 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 horizons [10-14]. For instance, Kolossvary et al. [11] used deep learning
to predict 30-day all-cause mortality using chest radiographs. Raghu et al. [14] 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 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 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 coun-
terfactual phenotyping, where groups of individuals belong to underlying clusters and
demonstrate heterogeneous treatment effects [31]. This may provide insights into mea-
suring the distinctive effects of interventions on certain subgroups of patients and enable
personalized interventions that lead to optimal outcomes.
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Abbreviations

The following abbreviations are used in this manuscript:

PLCO  Prostate, Lung, Colorectal, and Ovarian
ECE expected calibration error

CNN convolutional neural network

NLST  National Lung Screening Trial

CPH Cox proportional hazards

DSM Deep Survival Machines

ASU annual study update

NDI National Death Index

AUC area under the receiver operating characteristic curve
ROC receiver operating characteristic

DCPH deep Cox proportional hazards

TBC Thresholded Binary Classification

BS Brier Score
TPR true positive rate
TNR true negative rate

Appendix A. Censoring and Time-to-Event Predictions

We are interested in estimating P(T < t|X), the risk of a patient experiencing mortality
within a time horizon ¢ € R*, given a chest radiograph x € R¥*¥ and a set of demographic
covariates g € R" . We assume that observations on T 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 A1, 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 A2).

T% =1 year $3 Death
Patient A +—£3 O Censored
C = 3 years
Patient B ]
T = 4 years
Patient C £3
C = 2 years 5
Patient D 0
L L
0 1 2 3 4 5

Time in Years —>

Figure Al. 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 [29].
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Figure A2. 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 [29].

Appendix B. 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 [16]. The hazard A(t) as a function of some
time ¢ is defined as the probability that given that a patient survives ¢, the patient will not
survive t 4 6, and ¢ approaches 0 (Equation (A1)).

(A)

P(t T>tHT >t
A(t) = lim DEEO>T =T 2 1)
60 é
CPH models the hazard as Equation (A2), given covariates x;;,i € {1,...,n},j €
{1,...,p}, where p is the number of predictors, and 7 is the number of patients. The
parameters of the model are ;. Ag(t) is known as the baseline hazard function.
Ai(t) = Ao(t) exp(B1xin + .. + BpXip) (A2)

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

hazard functions is fixed, since ;\\;8 = exp(B1(xip — xj1) + ...+ Bp(xip — Xjp))-
We estimated that 8 = {B1,..., B} are the ones that maximize the partial likelihood
(Equation (A3)), where i : E; = 1 are patients whose outcomes are not censored, and % (T;)

is the set of patients who have not experienced the event at time T;.

exp(ﬁlxil +...+ ﬁpxip)

(A3)
iE, =1 Ljea(r,) P (B1xj + .+ Bpjp)

L(B) =
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DeepSurv [30] is a deep neural network implementation of CPH. It estimates the risk
function hy(x) of an individual with covariates x, parametrized by the weights 6 of a multi-
layer perceptron. The loss function is the negative log partial likelihood (Equation (A4)).

Lpcpr(0) = — Y | ho(x;) —log Y o) (A4)
iE=1 J€Z(T;)

Appendix C. 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 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 A3.

The Generative Story
1. X; ~ D

We draw the covariates of the individual, x;.
2. w,{,&~N(0,1/1)

The parameters of the model are drawn from a

@ /@) zero mean Gaussian distribution.
3. z; ~ Discrete(softmax(®y(x;) ' w))
@ — Conditioned on the covariates, x;, and the param-

eters, w, we draw the latent z;.
G| [ Oy—r—1o 4. logpr ~ N(Bo,1/A), log ik ~ N (10,1/2)
The set of parameters {f;}X | and {7 }K , are
i) \@D drawn from the prior By and #p.
D 5. t; ~ Distribution (B, 1)

where By = By + act(cbg(xi)—r()

Mk = 7 + act(Py(x;) ' &)
Finally, the event time t; is drawn, conditioned
on f3,. and 77,.

© ¢
(%)
©

Figure A3. Deep Survival Machines in plate notation. Source: Adapted from [17].

Appendix D. 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 = x) = f(x,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 score B\Slpcw(t)
using the inverse probability of censoring weights (IPCW) from a Kaplan-Meier estimator

of the censoring distribution, G(), as proposed in [32,33].

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

BSpew () = + L f(x, 21T < t,6; =1} . (1 —f(xl.,f))zl{;r > 1

n z; Gi(T;) Gi(t)

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 [24,25], which treats the TPR as


fig:dsm
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time-dependent on a specified horizon, t, and adjusts survival probabilities, f(x, 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 [34] for details on computing ROC curves in the presence of censoring.

> S U f (i) > ¢ T < 1} Y A{f(x ) < T, > 1}
TPR(c, t) = =— ; TNR(c,t) = =L—
El G&) Ty <t} Ell{Ti >t}

Time-Dependent Concordance Index ( C'9): The concordance index compares risks across
all pairs of individuals within a fixed time horizon, t, to estimate the ability to appropriately
rank instances relative to each other in terms of their risks, f(x, t).

Ctd(t) = ]P)(f(xi/ t) < f(xj/ t)|5i =1Ti < T]rTl < t)

We employed the censoring adjusted estimator for C'9, which exploits IPCW estimates
from a Kaplan-Meier estimate of the censoring distribution. Further details can be found
in [23,35].

Expected ¢; Calibration Error (ECE): The ECE measures the average absolute difference
between the observed and expected (according to the risk score) event rates, conditional on

the estimated risk score. At time t, 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(t)]

by partitioning the risk scores R into g quantiles {[r;, er)}?:l and computing the Kaplan—
Meier estimate of the event rate. KM;(t) ~ P(T > t|R € [rj,rj41)), and the average risk
score, Fj = % Y Ri€lrj i) R;, in each bin. Altogether, the estimated ECE is

— q —
ECE(1) = - ) [KM;(1) ~ Ry (1)].

j=1
In practice, we fixed the number of quantiles to 20 for our experiments.

Appendix E. Implementation Details

All experiments were run on NVIDIA RTX A6000, with PYTHON 3.9.12 and PYTORCH
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 Al.

Adam optimizer with a learning rate of 3 x 107* was used for all models. The
distribution for all DSM models was 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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Table Al. Hyperparameter configurations that yielded the best validation performance

DSM DCPH TBC, 2-Year TBC, 5-Year TBC, 10-Year
Layer Size k Temperature Elbo Layer Size Layer Size
(128) 4 1 True (64, 64) (64) (64, 64) (128)
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