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Abstract

Many studies employ the analysis of time-to-event data that incorporates competing risks and right censoring. Most methods and software packages are geared
towards analyzing data that comes from a continuous failure time distribution. However, failure-time data may sometimes be discrete either because time 1s
inherently discrete or due to imprecise measurement. In this work, we introduce a novel estimation procedure for discrete-time survival analysis with
competing events. The proposed approach offers two key advantages over existing procedures: first, it accelerates the estimation process; second, i1t allows for
straightforward integration and application of widely used regularized regression and screening methods.

Methods

The Proposed Two-Step Approach
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Our goal is to estimate a and B8.. The event-specific conditional P(*) - a penalty function, 77].> 0 - a shrinkage tuning parameter.

likelithoods of the expanded data are

denoted by ¢(5,) 2. Screening method for Cox regression (Zhao and Li, 2012).

Maximize Lg? for each covariate, one at a time. The final model 1s
the set of covariates whose absolute standardized estimated
coefficients exceed a predetermined threshold.

Simulations Length of Hospital Stay in ICU

Estimation Performance Comparison Fitting Time Comparison Goal: Estimating the length of stay (LOS) 1n days of patients hospitalized
A comprehensive simulation study indicates that | The mean ﬁtt.mg time for different in the intensive care unit (ICU) upon arrival.
Lee et al. method and the proposed method numbers of discrete times d.
perform similarly in terms of bias and standard | As d increases, the advantage of the Dataset: N = 25,170 emergency admissions (MIMIC-1V) with p = 36
errors. The empirical coverage rates of 95% proposed approach increases as well. covariates (characteristics, lab tests from the first 24 hours)
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Regularization parameters 7, 7, were chosen 0 : o B T % 3 s bl L
using 5-fold CV and maximize global-AUC. SARTRTRLTYI vt B T LR Y vt Similar &, , 8, using Lee et al. and two-step without regularization.
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At the optimal 7, 7, the correct non-zero
parameters were identified.
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{ | With LASSO regularization the number of predictors ﬁ. was
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hl““'“““- s reduced, but the corresponding @, remained highly similar.

Conclusion

This work provides a new estimation procedure for a semi-parametric logit-link survival model of discrete-time with competing events.
We show that the proposed approach:

e Performs well in terms of empirical bias and coverage rates.

e Significantly faster than existing methods, by separating the estimation of « a, and /3

e Allows including modern machine-learning model-selection procedures, such as regularlzatlon and screening.

We provide PyDTS, an open-source Python software which implements our approach among other tools for discrete-time survival analysis.
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