Cox-nnet v2.0: improved neural-network based survival prediction extended to large-scale EMR dataset
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EMR data on survival prediction

Cox-nnet method improvement

q Large-scale Electronic medical records (EMR) are informative and easily accessible
data sources frequently used for patients survival prediction.

q Speed-up in calculating log partial likelihood loss function:
q The log partial likelihood is calculated by:

q Prediction models built on EMR data tend to have better performance than those
using administrative data (Mahmoudi et al., 2020).

𝑝𝑙 𝜷 = ∑!!"#(𝜃$ − 𝑙𝑜𝑔 ∑%!&%" exp(𝜃$ )) = {𝜽 − 𝑙𝑜𝑔(𝑹 ∗ exp(𝜽))}' 𝑪

q Machine learning based models outperformed conventional models (Cox-PH, RSF,
elastic net regression) on the prediction of coronary artery disease mortality using
EMR data (Steele et al., 2018).

where 𝑪 is the censor indicator vector, 𝐶$ = 𝐼(patient 𝑖 is not censored).
𝜽 is the vector of linear predictor.
and 𝑹 is the at risk set indicator matrix, 𝑅$( = 𝐼(𝑡$ ≤ 𝑡( ).

Cox-nnet

q Sort the observations by event time

q Cox-nnet is a deep learning based neural network prognosis prediction model
applied on high-throughput omics data (Ching et al., 2018).

• by definition of the at risk set, 𝑹 is converted to an upper triangular
matrix filled with 1.

q We recently applied Cox-nnet to histopathology imaging data with pre-extracted
features.

• the log partial likelihood can be calculated using cumulative summation
that no longer requires 𝑹 and nested summation.

q We aim to extend Cox-nnet to analyze and predict EMR data.

q The directionality of the feature coefficient is approximated by the sign of
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q Permutation based feature importance score. (Fisher et al., 2019)
q Cox-nnet v2.0 is freely available at https://github.com/lanagarmire/Cox-nnet-v2.0

q Cox-nnet v2.0 achieves significantly better C-IPCW than Cox-PH. *:P<0.05 (Fig. B)
q Cox-nnet v2.0 enables better interpretation for all features in the model:
permutation feature importance score and directionality of the feature coefficients.
(Fig. C)
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q Cox-nnet v2.0 is not sensitive to the sample size and dramatically reduces the
training time. (Fig. A)

q Additional optimization algorithms and activation functions for parameter tuning:
Adam (Kingma and Ba, 2014) and Scaled Exponential Linear Unit (SELU)
activation function (Klambauer et al., 2017).
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